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General Background  
Agricultural firms1 face decisions regarding the optimal input/output mix, the 
production techniques to be implemented in the production process and the scale of 
operation. These decisions determine the performance and the rate and direction of 
growth of the firm and, at the same time, of the whole industry. Yet the decisions are 
subject to external factors such as markets, policy framework and consumer 
preferences; factors which have changed profoundly during the last decades. This has 
resulted in an increased interest in the effects these changes have on individual firms 
and the behavior of firms under these new conditions. In this context, the present work 
analyzes which individual characteristics and external factors influence firm 
performance and firm growth, and how these two subjects are related for agricultural 
firms. 
Certainly, the policy framework in a country sets the operating rules for the market and 
production activities (Happe, 2004). Agricultural and economic policies can either 
improve or deteriorate the functioning of the market and production sectors depending 
on the nature of the interventions and whether they create incentives for the mobility 
and allocation of production factors towards more efficient uses. Since the 1990s there 
have been major reductions in governmental distortions to agriculture and a greater 
emphasis on free markets and trade (Chavas, 2001; Anderson, 2010). Empirical 
evidence confirms that trade liberalization policies speed up the allocation of resources 
within and between firms, increasing the dynamics of an industry (Pavnick, 2002). With 
the increasing role of markets and the pressure to produce at lower costs, farming and 
food production have, in general, become more commercial and profit oriented (Lipton, 
2005; Hazell and Wood, 2008). As a result, agriculture is now a competitive and thin-
margin business in which a strong economic performance is crucial to remaining active 
in the market. 
Consumer preferences have also changed and concerns about product quality, food 
safety, fairness and environmental impacts from food production have come to the fore 
(Henson and Reardon, 2005; Sexton, 2013). New market segments for differentiated 
products have flourished and some farmers have seen these market segments as a new 
1 We use the term agricultural firms in a generic sense to refer to firms operating in the agricultural sector, 
such as commercial farms or food processors.   
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business opportunity. The market for organic products is one of them; its consumers are 
mainly driven by animal and environmental welfare of the production system (Bravo-
Padilla, et al. 2013). The market for these products initially developed as an instrument 
to compensate producers for the internalization of negative externalities that would have 
otherwise come from a conventional production system (Stolze and Lampkin, 2009). 
This has also motivated some governments to provide financial assistance to producers 
for the additional costs of producing organically.  
Initially, these market segments were seen as profitable for many producers due to the 
price-premium paid by consumers and the subsidies paid by governments. However, 
empirical analyses reveal that the low economic performance has forced some organic 
farms to get out of the business and reconvert to conventional production (for a review 
see Sahm et al., 2012). Other studies find a trend towards larger farm sizes in organic 
agriculture (Langer and Frederiksen, 2005; Best, 2008). These two developments 
together indicate that besides the plain processes of converting to organic or 
reconverting to conventional agriculture, there are also adjustments in the operation 
scale of organic farms which remain largely ignored. Understanding how this 
adjustment mechanism works is not only relevant to decision-makers who designed the 
policy support for those firms, but also for the firm's managers operating in this market 
segment. In this context, the present thesis contributes to identifying the magnitude of 
these individual adjustments, as well as their drivers and constraints.  
Besides the increasing role of markets and new consumer preferences, the structure and 
organization of the agricultural industry has undergone significant changes during the 
last decades. It has become more diverse and some components within the industry have 
experienced significant growth. One of these changes concerns the development of food 
processors as an important component of the industry. Statistics from the WTO (2004) 
indicate that agricultural processed products have been the most dynamic element of 
agricultural trade since 1990. This shift from agricultural raw products to processed 
food can be observed across most regions and among a large majority of countries 
(ibid.). Among emerging economies, Chile is an exemplary case in adding value to its 
agricultural primary production. The food processing component arose in the late 1980s 
as a response to widescale discarding of fruit and within a period of 10 years it reached 
similar levels of export value as agricultural primary production (ODEPA, 2014). 
Moreover, much of the recent growth in Chilean food exports originates from the 
development of new sectors such as meat and dairy (OECD, 2008).  The thesis will shed 
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light on the performance of Chilean food processing firms, taking into consideration 
differences across the sectors in terms of technology, structure and engagement to 
international trade. 
Against this background, the present work investigates the drivers of changes in size of 
agricultural firms operating in organic agriculture in Germany; subsequent analysis 
investigates the determinants of firm performance for food processors and the 
relationship between firm performance and growth in Chile. 
On the analysis of firm performance and firm growth 
To understand the remainder of this work, it is crucial to provide a clear definition of 
firm growth and performance. This section is not intended to provide an exhaustive 
literature review on these two subjects, but it aims to lay the foundations for the 
following chapters.  
Firm growth 
Firm growth is a multidimensional process that can be examined from several 
theoretical and empirical perspectives. McKelvie and Wiklund (2010) offer an extensive 
review on growth of individual businesses and summarize the literature into the 
following three streams:  
o Firm growth as an outcome: this stream examines varying growth rates and 
increments or reductions of firm size as well as the drivers for these changes. 
o The outcome of growth: this explores the changes that result within the organization 
as a consequence of growth. It focuses specially on the challenges of managing an 
increasingly large firm and examines the consequences of growth within a firm. 
o Firm growth as a process: this deals with the process within the firm as it is 
growing, whether a firm grows via organic (internal) growth, mergers and 
acquisitions, or diversification, and analyzes how these decisions are taken. 
Two of the studies presented in the remaining chapters can be categorized within the 
first stream of the literature described by McKelvie and Wiklund (2010). Within the 
context of this work, firm growth is defined as the changes in firm size over time. 
Specifically, this thesis explores the ability of the agricultural firms to increase their size 
based on their internal resources and takes into consideration potential external factors 




Firm performance is a relative concept that can be defined in different ways. It can be 
measured in terms of productivity (the ratio of output(s) to input(s)), technical 
efficiency (relative to best possible output in the industry), or with respect to a firm’s 
own performance over time (Coelli et al., 2005).  
Technical efficiency offers the opportunity to estimate the firm’s performance relative 
to maximum potential output, obtainable from a given set of inputs and a specific 
technology (Kumbhakar and Lovell, 2000). More importantly, it allows for measuring 
the shortfall of the observed output to the maximum feasible output and indicates the 
potential causes for this shortfall. The shortfall of the observed output for a firm is the 
technical inefficiency and is attributed to managerial inefficiency such as a firm’s age or 
a manager’s experience in addition to other factors that are not under the control of the 
producers.  
Technical efficiency can be estimated through Data Envelopment Analysis (DEA) or 
Stochastic Frontier Analysis (SFA). DEA provides, through linear programming, a 
simple way to estimate technical efficiency by conducting a benchmarking assessment 
against the most efficient firms in the frontier. However, the main drawback is that it 
attributes all deviations from the production frontier to technical inefficiencies, without 
any consideration of random events (Coelli et al., 2005). SFA allows statistical noise to 
be distinguished from inefficiency, which is a pragmatic assumption for a real world 
application.  
However, the results of these two methods do not allow for drawing comparisons 
between the efficiency of one sample relative to another and the subsequent 
implications of this (Coelli et al., 2005). In this context, Battese et al. (2004) and 
O'Donnell et al. (2008) propose the estimation of a Metafrontier function model (MF) 
for firms operating under different production possibilities. It can be estimated using 
either DEA or the SFA technique. The MF framework provides a decomposition of the 
efficiency term into two components: first, the distance of a firm to the group frontiers, 
related to the management and structure of the firm itself. Second, the technology gaps, 
that is, the distance of the groups to the common frontier that is influenced by the 
physical, social, or economic environment in which their production occurs. This 
decomposition is crucial when estimating the performance of a firm because it can shed 
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light on the causes (internal or external factors) of why agricultural firms do not achieve 
their full efficiency.  
Following Chapters 
This thesis presents three selected studies on the topic of performance and dynamics of 
agricultural firms. It constitutes three empirical investigations which analyze the factors 
that determine firm performance, changes in firm size, as well as the extent to which 
firm performance influences firm growth in the context of the agricultural industry.  
Chapter 2 analyzes the dynamics of agricultural firms engaged in organic agricultural 
production in Bavaria and Baden-Württemberg. This is one of the most developed 
regions in Germany with respect to a policy framework supporting organic farming and 
the share of German organic farms located in this region. The main objective in this 
chapter is to determine whether organic farms are changing their scale of operation and, 
if so, which factors contribute to - or stagnate - farm growth and to what extent. To 
answer these questions we use the System Generalized Methods of Moments (SGMM) 
estimator. The SGMM allows for including dynamics in the estimation of farm growth. 
That is, we can use previous farm size as a regressor and control for potential 
endogeneity, unobserved heterogeneity and persistency of the series. This chapter 
analyzes a unique panel data set of 453 organic farms over the period 1993 to 2005 and 
examines two dimensions of farm growth, in terms of agricultural land and in economic 
terms of output. The hypothesis tested is similar to that in empirical research of 
conventional agriculture: small farms show higher growth rates than their peers because 
they increase their scale of operation towards more efficient farm sizes. This chapter 
will test this hypothesis for the case of organic farming in South Germany and provide 
information about other factors that determine farm growth. 
Chapter 3 analyzes the performance of agricultural firms in Chile. This chapter uses the 
data of 420 food processors over the period 2001 to 2007. As mentioned previously in 
this section, Chilean food processors are considered a successful case in adding value to 
agricultural primary production. However, within food processors there are groups 
which face different production opportunities and market structures. Furthermore, 
among food processors not all sectors have developed equally; some started earlier in 
processing agricultural products and entering international markets, others started later. 
We consider these differences as playing a decisive role when measuring the 
performance of firms. To determine the performance of the firms in this context, we 
15 
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estimate a Metafrontier function using Stochastic Frontier Analysis. These allow the 
identification of factors behind firms’ inefficiency and decompose them into firm's 
internal factors such as managerial inefficiencies and external factors such as 
technological gaps. 
Chapter 4 examines the relationship between firm performance and growth. This 
chapter is based on the data and estimates from Chapter 3. Specifically, it uses the 
estimates of technical efficiency relative to the group frontiers, the technology gaps and 
exporting status to model the changes in revenue for individual firms (firm growth). In 
this chapter, the primary variable of interest is technical efficiency as an indicator of 
firm performance. The hypotheses are that technical efficiency contributes to explain 
firm growth and that its effect is presumably heterogenous over the distribution of firm 
growth. This implies that the magnitude of effect can differ for firms experiencing 
negative growth to those with positive rates. To test the hypotheses, this chapter uses 
the Penalized Quantile Regression with Fixed Effects (PQRFE) method proposed by 
Koenker (2004). This method determines the effect of technical efficiency and the other 
covariates at different points on the conditional distribution of firm growth and hence, 
tests our hypotheses. 
Chapter 5 presents the implications of the key findings from the three studies, the 
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Abstract2 
Organic farming is one of the fastest-growing sectors of agriculture in Germany. The 
net increase in the number of hectares comes partly from the conversion of conventional 
farms, but also in part from the expansion of existing organic farms. So far, empirical 
research has focused on analyzing conversion to organic farming, and lately on 
reversion to conventional farming. However, changes in individual organic farm sizes 
have remained largely ignored by empirical researchers. It remains unclear what other 
factors besides increasing demand for organic products might influence growth of 
organic farms. The main objective in this study is to determine whether organic farms 
are changing their scale of operation and, if so, which factors contribute to - or stagnate 
- farm growth and to what extent. To answer these questions we use the System 
Generalized Methods of Moments (SGMM) estimator. This chapter analyzes a unique 
panel data set of 453 organic farms over the period 1993 to 2005. The results reveal that 
all farms increase area by a maximum of 10 ha and large farms change farm size more 
frequently than smaller ones. Increases in organic area are influenced by subsidies for 
organic farming, off-farm employment, and the farmer's age. Farm growth measured in 
terms of revenue is affected by farm size, land, capital, soil quality, and intensity of 
livestock production.  
 
2 This chapter is co-authored with Prof. Dr. Bernhard Brümmer and Dr. Sebastian Lakner and has been 
submitted to the German Journal of Agricultural Economics.  
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2.1.  Introduction 
Organic farming has become one of the fastest-growing sectors of agriculture over the 
last two decades. This growth has been driven by the increase in consumer concern for 
the environmental and animal welfare effects of food production (Zander and Hamm, 
2010; Bravo-Padilla, et al. 2013). The policy support for organic farming and the 
associated price premium for these products has also influenced the conversion of 
conventional producers to organic production (Nieberg and Strohm-Lömpcke, 2001; 
Nieberg et al., 2011; Kuhnert et al., 2013). In this context, the organic sector has 
experienced an impressive development in Germany. The country is the largest market 
for organically produced food in Europe (Sahota, 2014). Additionally, the total number 
of hectares (ha) farmed organically in Germany grew from 354,171 ha in 1996 to 
1,089,000 ha in 2014, an increase of about 200 % (BÖLW, 2015). The increase in 
hectares comes from conversion of conventional farms to organic agriculture and in 
part, presumably, from the acreage and output expansion of existing organic farms. This 
process of individual adjustment of farms has been largely ignored by previous studies 
about organic agriculture. 
From the late eighties until today, organic farming grew particularly rapidly in the 
South German states of Bavaria and Baden-Württemberg. Roughly 53 % of the organic 
farms and 31 % of the total organic area in Germany are found in this region (Destatis 
BL, 2013). This development is partly the result of a comprehensive policy framework 
to provide financial support for conversion and maintenance of organic farms (Nieberg 
et al., 2011). These Federal States, among others, had the largest public expenditures for 
area payments and investment assistance to organic agricultural businesses from 1999 to 
2007 (Nieberg et al., 2011).  
The growth possibilities of organic farms are more troublesome and expensive than 
those of conventional agriculture. Organic farms face a particular barrier when 
expanding their operations: they must bridge a three-year conversion period during 
which they encounter low yields, high certification costs, and a higher demand for 
labor, without being able to capture price premiums for certified organic products. 
Moreover when changing farm size, organic farmers face challenges that are of less 
concern in conventional agriculture, such as improvement of soil fertility, crop rotation, 
and supply of organically produced inputs such as feed and manure for the new scale of 
operation. These additional costs may prevent farmers from taking advantage of 
economies of scales in the short term. To some extent, the subsidies paid contribute to 
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compensate these costs. However, it remains unclear as to what other factors contribute 
to the individual development of organic farms in this region of Germany. 
Empirical research so far has focused on analyzing the determinants of conversion to 
organic farming, and lately on reversion to conventional farming. However, change in 
individual farm sizes is another aspect of structural change in organic agriculture that 
has not been addressed in the literature. To the best of our knowledge, all previous 
studies on farm growth address only conventional agriculture. This research seeks to fill 
this gap by analyzing two dimensions of growth in organic farms in Bavaria and Baden-
Württemberg: Utilized Agricultural Area (UAA) in hectares and agricultural revenue. 
Specifically, the following research questions are addressed: Are organic farms 
changing their scale of operation? If so, which factors influence the individual changes 
in size? Do these changes in farm size mainly occur in small or large farms? The results 
of this study will contribute to understanding the dynamics of one of the most 
developed regions in Germany with respect to organic agriculture. 
This work is structured as follows: In section 2.2 we review the theory on firm and farm 
growth briefly, providing background information on the potential determinants of 
growth in the context of organic farming. Section 2.3 introduces the estimation 
procedure that we employ and describes the data and variables. Section 2.4 presents the 
results of the estimation and their interpretation. The final section presents conclusions 
that are relevant for organic farming in South Germany. 
2.2. Literature review 
Farm growth is a multidimensional event which can be analyzed from several 
theoretical perspectives. The most relevant approaches are: the stochastic approach 
introduced by Gibrat (1931) and known as the Law of Proportionate Effect (LPE), 
Penrose's theory (1959) based on human resources management, the learning process 
proposed by Jovanovic (1982), the evolutionary theory of Nelson and Winter (1982), 
and the path-dependence model of Balmann et al. (1996). This study focuses on the 
internal growth of farms to determine the factors that influence changes in their size. 
Empirical studies that analyze such changes use the LPE as a foundation. Gibrat (1931) 
finds that the size of firms in the French manufacturing sector follows a log-normal 
distribution, and that changes in a firm’s size are the result of a large number of small, 
normally distributed shocks that are independent of previous firm size.  
21 
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Most empirical studies of conventional agriculture which have tested the LPE find that 
previous farm size is negatively related to future farm growth; namely, smaller farms 
have higher growth rates than their larger counterparts (Shapiro et al., 1987; Weiss, 
1999; Rizov and Mathijs, 2003; Bakucs and Fertő, 2009; Gardebroek et al., 2010). This 
is explained by the long-run average cost curve (LRAC) when a farm expands its scale 
of operation. Previous studies in agriculture find evidence that the LRAC is L-shaped 
(Hall and Leveen, 1978; Kumbhakar, 1993); this means that the average costs decrease 
notably for small farms and become constant for large farm sizes when output increases. 
The former implies that economies of scales exist for small farms and that there is a 
wide range of farm sizes where average cost is approximately constant (Chavas, 2001).  
2.1.1 Farm size  
A prerequisite for consistent analysis of farm growth is a definition of farm size. There 
is no universally accepted definition of farm size. Measurements of farm size are either 
output- or input-based (Hallam, 1993; Weiss, 1998). Input-oriented measures are 
livestock units (LU) and acreage under cultivation. However, LU is a problematic 
measure when analyzing various farm types. Certainly, acreage is relevant since it 
provides a spatial perspective of farm size distribution, and without land, farm growth is 
only possible to a limited extent (Huettel and Margarian, 2009). Nevertheless, farm 
growth is not limited to acreage expansion, as it involves adjustments in other factor 
proportions and output quantities (Weiss, 1998). Output-based indicators, such as 
inflation-corrected sales capture those adjustments better than a single input measure 
(Hallam, 1993). Furthermore, output-based measures allow for comparison of farms that 
produce different products (Debertin, 2012). This is particularly important in organic 
agriculture because the farming system is more diverse than in conventional farming 
(Offermann and Nieberg, 2000). To provide a complete perspective of the growth 
process, we used land in UAA as an input-based measure for farm size and revenue 
from agricultural products as an output-based indicator. 
Certainly, the conditions of the regional market determine the land availability (for 
purchase or lease). Compared with the rest of the country, transactions for agricultural 
land in Bavaria and Baden-Württemberg are limited in terms of the area. In 2003, the 
average size of each sale of agricultural land was 1.4 ha in Bayern and 0.9 ha in Baden-
Württemberg, and all sales represented only 0.14 % and 0.23 %, respectively, of the 
total agricultural land (Siegmund, 2004; Destatis, 2013). Therefore, farm growth mainly 
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occurs via land lease. In 2005, farms that leased land annexed on average 17 ha to the 
owned land in Bayern (BStELF, 2012); in Baden-Württemberg it was 30 ha if the 
farmer was full-time and 8 ha for part-time farmers (StaLa, 2006). The prices for leased 
agricultural land were 259 €/ha in Bayern and 219 €/ha in Baden-Württemberg, the 
fourth and fifth-highest prices in Germany (Destatis, 2014)3. A study by Kuhnert et al. 
(2013) reveals that 21 % of organic farmers in Germany feel constrained by the low 
availability of agricultural land and by failing to renew their land-lease contracts. The 
limited availability and high opportunity cost of agricultural land in the region increases 
the competition among conventional and organic farms for available land. 
Acreage expansion is more expensive for organic farms than for conventional farms 
because farmers have to cope with investment costs to certify the additional land, to 
improve soil fertility, and to control for weeds and pests without using chemical 
pesticides or synthetic fertilizers. During the conversion period, farmers do not benefit 
from price premiums for organic produce, and yields are lower and more irregular. 
Additionally, certified organic inputs such as fodder, manure, and seed are becoming 
expensive and supply is often limited (Sahm et al., 2012; Kuhnert et al., 2013). These 
factors combined suggest that the slope of the LRAC for organic farms is lower than for 
conventional farms. This implies that the average costs for organic farms do not 
decrease as markedly as when conventional farms increase their scale of operation.  
However, even if the slope of the LRAC is lower for organic farms, small organic farms 
still have greater economic incentives to adjust towards a more efficient farm size than 
their larger peers. Thus, the probability to expand the scale of operation should be 
higher for smaller farms. One important factor for the proper functioning of the 
previous mechanism is that small organic farms can cope with the initial costs of 
purchasing or leasing and then converting land into organic agriculture. If this is not the 
case and larger farms cope better with these costs, they would display higher growth 
rates. This result would contradict previous findings from conventional agriculture. 
  
3 This tendency continues: In 2013, leasing prices a hectare of agricultural reached 338 € in Bavaria and 
246 € in Baden-Württemberg (Destatis, 2014). 
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2.1.2 Other factors affecting farm growth 
Although the LPE offers a starting point to analyze the effect of firm size on growth, its 
main limitation is that it disregards the effects of other factors. Results from previous 
empirical studies in the agricultural sector show that farm growth is also affected by the 
initial endowment of other factors such as capital, labor, and human capital (Upton and 
Harworth, 1987; Sumner and Leiby, 1987; Gale, 1994; Weiss, 1999; Kimhi, 2000; 
Juvancic, 2006; Gardebroek et al., 2010). 
The production structure and factor endowment of organic farms differs from those in 
conventional agriculture. Table 2-1 shows the differences between organic farms and 
conventional farms from the German test farm network. Organic farms require about 
17 % more Annual Agricultural Working Units (AWU), and spend 140 % more on 
hired labor than conventional farms (see Table 2-1). This is attributed to farming 
practices, such as weed control and preparation and application of soil amendments. 
These practices are particularly intensive during the conversion period. Besides this, 
organic farming requires additional documentation to comply with certification 
requirements and inspections. Farmers have to record practices and equipment used for 
each field, log equipment cleanout, grazing schedules, compost production, and field 
inputs among others. Indeed, 47 % of the farmers who reverted to conventional 
agriculture remark that documentation workload was a very important factor 
contributing to their decision to revert (Kuhnert et al., 2013). 
Table 2-1 Factor endowment of organic and comparable conventional farms† in 
Germany, 1999-2000.  
Factor Unit Organic farms Comparable conventional farms 
Percentage 
difference 
Land UAA 60.2 60.1 0 
Labor AWU/farm 1.9 1.6 17 
Cost of hired labor €/ha 100.2 41.9 140 
Farm-owned capital €/ha 7,315.5 9,480.4 – 23 
†: This term refers to a subgroup of conventional farms from the German Test Farm Network and consists of the 
same farm-types as the group of organic farms in the network. They also have similar structural features with 
respect to land in UAA, location, and land tenure among others. Offermann and Nieberg (2001) provide an 
exhaustive definition of this concept. 
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Hired labor is particularly expensive in southern Germany. In 2007, the average gross 
salary per hour in Baden-Württemberg was 18.60 € and 18.05 € in Bayern, the third and 
fifth highest in Germany4 (Destatis, 2009). The higher demand for hired labor on 
organic farms combined with the opportunity cost that agricultural workers face in 
southern Germany may negatively influence farmers’ decisions to expand their 
farmland. On the other hand, those farms with larger labor endowment require higher 
output growth to offset the labor costs. 
Another factor, which presumably constrains farm expansion, is part-time farming. 
According to Kimhi (2000) and Weiss (1999), part-time farming can be considered the 
‘first step’ outside of agriculture; however it can also prevent the cessation of farming 
operations by stabilizing a household’s income (Sauer and Park, 2009). Weiss (1999) 
and Juvancic (2006) find that off-farm work promotes the restructuring of the farming 
sector by reducing both the probability of farm survival and the growth rates of farms. 
Considering the greater demand for labor among organic farms and the time-demanding 
documentation and certification workload, we expect part-time farmers to have fewer 
incentives to increase farm size in terms of land. On the other hand, farmers who 
depend exclusively on agricultural revenue are more affected by market prices than 
those who have their household’s income secured. It is therefore probable that these 
farmers exhibit higher growth rates in terms of output.  
Although organic agriculture is less capital-intensive than conventional agriculture 
(Table 2-1), capital is indispensable for expansion—particularly for the acquisition of 
new assets such as machinery and equipment. Capital investments improve productivity 
and increase the probability that a firm will remain active and prosper in the market 
(Heshmati, 2001; Gardebroek et al. 2010). Capital also has a positive effect on the 
technical efficiency of organic farms in Germany (Lakner et al. 2012; Tiedemann and 
Latacz-Lohmann, 2013). Therefore, organic farms with large capital endowment are 
expected to generate returns on their investments and exhibit higher output growth than 
their counterparts. Furthermore, capital intensive farms also require larger extensions of 
land to amortize their investments. 
  
4 In 2013, the gross salary per hour was 21.98 € in Baden-Württemberg and 21.24 € in Bavaria. 
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Previous studies emphasize that farmer's education, experience, and managerial ability 
partly determines changes in farm size. Sumner and Leiby (1987) stress that human 
capital, represented as age and experience, is associated with more effective production 
management, lower interest rates for borrowed capital, and thus faster growth. This 
differs in organic agriculture as organic farming practices are unknown to the farmer 
prior to conversion from conventional agriculture (Sipiläinen and Oude Lansink, 2005). 
Therefore, the farmer's age may not adequately capture his or her experience in organic 
agriculture. Alternatively, Gale (1994) observes that the trajectory of farm size parallels 
the farmer life-cycle.  He finds that during the years sequent to entry, young operators 
seek to expand farmland, machinery and equipment. When the farm approaches the 
desired size, growth diminishes and as farmers get older they decrease the size of their 
farms or abstain from making productive investments. Weiss (1999) and Juvancic 
(2006) have confirmed this pattern for Austria and Slovenia, respectively. We expect 
farmer's age to follow the life-cycle pattern proposed by Gale (1994). 
Livestock production represents an important component of agricultural production 
(conventional and organic) in South Germany; 78 % of the farms in Bavaria and 63 % 
in Baden-Württemberg keep livestock in their holdings (Destatis, 2011). Previous 
studies in Germany find that intensification of livestock production increases technical 
efficiency of organic farms (Tiedemann and Latacz-Lohmann, 2011; Lakner et al., 
2012). Presumably, this has a positive effect on the probability to grow in terms of 
output. Nonetheless, it may increase the productivity of land, and hence have a negative 
effect on acreage expansion. 
A farm’s growth is also influenced by its operating environment (e.g. marketing 
conditions and political factors). Offermann and Nieberg (2000) find that organic 
farmers who sold their products directly to consumers received double the price 
obtained through wholesale, and thus were more profitable than farms selling through 
other marketing channels. We therefore expect that direct marketing has a positive 
effect on farm growth via profitability.  
Organic farms in Germany, and especially dairy and arable farms in the southern region, 
are highly dependent on policy support (Offermann et al., 2009). The most important 
policy support for organic farming in Germany is provided via agri-environmental 
measures (Stolze and Lampkin, 2009). To receive this support, farmers sign contracts 
for a minimum period of 5 years that provide payments per area to compensate for the 
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additional costs and income foregone during the conversion period (EU commission, 
2010). This financial assistance aims to promote conversion and the expansion of the 
area farmed organically. If the payments received compensate farmers for the additional 
costs of converting new farmland, these payments will have a positive effect on changes 
in farm size. 
Furthermore, soil conditions increase output and technical efficiency in organic farming 
(Tiedemann and Latacz-Lohmann, 2013; Lakner et al., 2012). Therefore, higher soil 
quality presumably has a positive effect on farm growth in terms of output.  This factor 
might have a negative effect when farm growth is measured in terms of agricultural 
land. This is primarily due to less area being demanded for the same output as land 
productivity increases. 
We analyze the effect of the factors identified above, i.e. farm size, labor, and capital, 
on two dimensions of firm size: output and land. For this, we construct a dynamic 
model, using the LPE as a starting point. The next section describes the empirical 
specification and the data set used. 
2.3. Empirical model and data 
2.3.1 Empirical model  
Based on the literature review above, we derive a growth model from a firm size 
equation and its relation to the size in the previous period: 
lnSit = α1lnSit − 1 + Xit − 1β + γt +  ai +  uit,                                                            (2.1) 
where lnSit − 1 is the logarithm of farm size, and 𝛼𝛼1 is the relationship between firm size 
in two consecutive periods. Xit − 1 represents a group of additional covariates, and 𝛾𝛾𝑡𝑡 
captures time effects common to all farms. ai captures unobserved and time-constant 
farm-specific effects, such as location (proximity to market) or differences in the initial 
levels of efficiency. 𝑢𝑢𝑖𝑖𝑡𝑡 is a random disturbance term. To analyze different dimensions 
of farm growth, we estimate the model using two different dependent variables—
namely, farm size in hectares of UAA, and revenue from agricultural production. A 
description of the dependent variable and the covariates in X is presented in Table 2-2. 
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The growth model is obtained by redefining the dependent variable as the first 
difference of the logarithm of farm size, on the left side of equation (2.1): 
Git ≡ lnS𝑖𝑖𝑡𝑡 − lnS𝑖𝑖𝑡𝑡 − 1 = α1 lnSit − 1 + Xit − 1β + γt + ai +  uit,                                (2.2) 
Therefore, farm growth is defined as the annual change in farm size. Analysis of the 
effect of farm size on growth consists of testing the null hypothesis 
 𝐻𝐻0: α1 =  0, which implies that changes in size are independent of the size in the 
previous period. If α1 <  1, smaller farms grow faster than larger farms. Hypotheses for 
assessing the effects of the additional explanatory variables on farm growth are tested 
individually. 
The lagged dependent variable on the right-hand side of equation (2.2) is correlated 
with the error term ai, which violates the assumption of exogeneity. Estimating equation 
(2.2) by Ordinary Least Squares produces biased and inconsistent estimates. The Within 
Groups estimator will eliminate this source of bias by eliminating the farm fixed 
effects ai. However, it fails to remove the endogeneity bias as the demeaned lagged 
dependent variable and the demeaned error term remains correlated (Bond et al., 2001). 
Anderson and Hsiao (1981) propose a first-differenced generalized method of moments 
(DGMM) approach to obtain unbiased estimates. This procedure takes the first 
differences from equation (2.2) and uses all available lags of the dependent variable as 
instruments (Bond et al., 2001). However, the DIFGMM method performs poorly when 
the parameter α1 approaches unity (i.e. the size follows a random walk) because in this 
case, past levels of farm size provide little information on present changes (Roodman, 
2009a).  
To increase efficiency in the context of a near-random walk or persistent series, 
Arellano and Bover (1995) and Blundell and Bond (1998) each propose an augmented 
version of the DGMM—namely, the system generalized method of moments (SGMM), 
which uses a system of level and first-difference equations: 
�∆𝐺𝐺𝑖𝑖𝑡𝑡 𝐺𝐺𝑖𝑖𝑡𝑡
� = α � 
∆lnSit − 1
lnSit − 1
� +  𝛽𝛽 �
∆𝑋𝑋𝑖𝑖𝑡𝑡 − 1
𝑋𝑋𝑖𝑖𝑡𝑡 − 1
� + 𝑢𝑢𝑖𝑖𝑡𝑡                                                             (2.3) 
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SGMM is based on the assumption that the first difference of the endogenous variable is 
uncorrelated with the unobserved (individual) effect. This makes it possible to use 
additional instruments, namely lags of the first difference of 𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑡𝑡, in the equation in 
levels.  
To test the various assumptions of the SGMM model and to determine the most 
appropriate model specification, we perform several tests. Arellano and Bond (1991) 
propose a test to determine serial correlation on the residuals in first differences. Here, a 
negative serial correlation among the first differences was expected, since Δ𝑢𝑢𝑖𝑖𝑡𝑡 relates 
to Δ𝑢𝑢𝑖𝑖𝑡𝑡 − 1 through the common term 𝑢𝑢𝑖𝑖𝑡𝑡 − 1. Thus, the AR(2) test will detect first-order 
serial correlation in levels between 𝑢𝑢𝑖𝑖𝑡𝑡 − 1 in Δ𝑢𝑢𝑖𝑖𝑡𝑡 and  𝑢𝑢𝑖𝑖𝑡𝑡 − 2 in Δ𝑢𝑢𝑖𝑖𝑡𝑡 − 2 (Roodman, 
2009a). Additionally, we test the validity of the over-identifying restrictions with the 
Hansen test; the null hypothesis is that the instruments are valid (Bond et al., 2001). 
This test is robust to heteroscedasticity, but is weakened by the use of many instruments 
(lags), resulting in implausibly perfect p-values of 1.00. There are no clear guidelines on 
how many instruments one can use, but in any case, they should not exceed the number 
of observations (Roodman, 2009b). 
The Hansen test evaluates the entire set of instruments used for the endogenous 
variables. Nevertheless, to test the validity of specific subsets of instruments, we use the 
difference-in-Hansen test. This is done by estimating the change in the Hansen test, 
when the subset of suspect instruments is added to the estimation set-up. The null 
hypothesis is that the examined instruments are exogenous (Roodman, 2009b). For the 
land growth model, revenue and payments for agri-environmental measures correlate 
with the error term. For revenue growth, the covariates capital, agricultural area and 
subsidies correlate with the error term. Thus, we treated these covariates in the same 
way as the lagged dependent variables and instrument them with further lags in levels 
and first differences. We estimate the two-step SGMM with the Windmeijer correction 
for finite samples; without this correction, the standard errors of the SGMM are 
severely biased downward (Roodman, 2009a). 
Sample selection bias could occur if a particular group of farms has a higher probability 
of remaining in the data set than others. Correction for sample selection in the context 
of dynamic panel data is still incipient. To examine whether the patterns of missing 
observations has an effect on the underlying regressions, we perform the tests proposed 
by Verbreek and Nijman (1992).  The tests consist of creating variables which capture 
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the dynamics of the individuals and test their effect on the regression. These are: i) the 
number of years the farm participates in the panel, ii) a binary variable which equals 
zero at t if the farm remains in the database in t+1, and changes to 1 if the farm exits in 
the subsequent period, iii) a dummy variable equals one for farms with less than 5 years 
of observations and equals zero otherwise.  The results of these tests are discussed in 
following section. 
Finally, to identify whether changes in size occur in small or large farms, we calculate a 
transition probability matrix. For this, we classify farm size in ha in j groups and the 
change in hectares in k categories. The matrix estimates the following equation, 𝑝𝑝𝑗𝑗𝑗𝑗 =
𝑃𝑃𝑃𝑃(∆ℎ𝑎𝑎𝑡𝑡 = 𝑘𝑘|𝑙𝑙𝑡𝑡−1 = 𝑗𝑗), the probability of a farm being in category k in period  t, given 
that it was in group j in period t-1. The conditional probability uses the following 
formula: 
𝑝𝑝𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑗𝑗𝑗𝑗 ∑ 𝑙𝑙𝑗𝑗𝑗𝑗𝑛𝑛𝑗𝑗=1⁄                                                                                                       (2.4)  
where njk  denotes the number of farms which were in category j in period t-1 and are in 
group k in period t. 
2.3.2 Data 
The analysis is based on a unique 13-year panel data set provided by the firm Land Data 
GmbH, a service firm for agricultural accountancy. It consists of 2 759 observations 
from i = 453 organic farms, from 1993 until 2005, located in the Federal States of 
Bavaria and Baden-Württemberg. The information is drawn from an unbalanced panel 
dataset comprising incumbent farms (with observations over the entire 13 years), 
dropouts (farms that exited the dataset before 2005), and newcomers (farms that entered 
after 1993). The data set does not provide information on whether the dropouts ceased 
to operate, reverted to conventional agriculture, or changed their bookkeeping company. 
Despite this limitation, the dataset provides accurate information on the changes in the 
size of individual organic farms. 90 % of the farms either increased or decreased their 
acreage during the sample period. Similarly, all of them exhibit changes in agricultural 
revenue. Furthermore, all farms in the sample received agri-environmental payments for 
organic farming. To obtain these payments, farmers sign a contract for a minimum of 5 
years during which they commit to farm organically. This restricts farmers from 
reverting to conventional agriculture before 5 years has elapsed. In addition, the average 
age of farmers who dropped out of the data set was relatively young at 42 years old. It is 
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therefore more likely that the dropouts in the data set stopped hiring the accountancy 
service, rather than reverting to conventional agriculture or giving up their holdings. 
The effects of ignoring attrition are discussed in the next section.  
Table 2-2 presents descriptive statistics for all of the variables that we employ. On 
average, organic farms make use of 50 ha of UAA, 1.6 AWUs, and earn 86 770 € per 
year from agricultural revenue. As revenue is in constant prices, this variable represents 
the output generated by farms. Most organic farmers are full-time, their average age is 
43 years, and they receive an average of 11 000 € per year in agri-environmental 
payments for organic farming. The average livestock intensity is 1 LU/ha.  
Table 2-2 Definition of variables and descriptive statistics of organic farms, 1993-
2005. 
Variable Unit Definition Mean 
Standard deviation 
Overall Within Between 
Dependent variables     
Revenue Git % Change of agricultural revenue 0.10 0.29 0.26 0.20 
Land Git % Change of Utilized Agricultural 
Area 
0.02 0.11 0.09 0.10 
Variables regarding farm size     
Revenueit – 1 1 000 € Revenue from agricultural revenue 86.77 76.13 21.61 69.96 
Landit – 1 Hectare Utilized Agricultural Area, owned 
and rented 
49.77 31.90 6.57 32.75 
Explanatory 
variables 
     
Capitalit – 1 1,000 € Annual depreciation  17.98 13.05 3.53 13.00 
Laborit – 1 AWU Annual Agricultural Work Units 
(AWU)  
1.63 0.75 0.26 0.82 
Part-Timeit – 1 0/1 Dummy = 1 if the farmer has a 
part-time job, 0 otherwise 
0.12 0.32 0.10 0.31 
Ageit – 1 Years Farm operator age, in years 43.44 8.50 2.75 8.42 
Livestock 
Intensityit – 1 
LUa/ha Livestock Units (LU) per hectare 1.08 0.72 0.22 0.69 
Subsidiesit – 1 1,000 € Agri-environmental payments for 
organic farming 
11.44 6.82 6.14 2.68 
Direct 
Marketingit – 1 
0/1 Dummy = 1 if the farms has its 
own farm shop, 0 otherwise 
0.09 0.30 0.18 0.21 
Soil 
Qualityit – 1 
EMZb Soil quality index 3,511.91 1,236.81 444.27 1,236.78 
Years Years Vector of years dummies – – – – 
a: from Großvieheinheiten which is a measure of animal units defined by the German legislation. 
b: Ertragsmesszahl (EMZ) is a soil-quality index whose value ranges from 25 to 10 000 based on various farm 
characteristics that influence yield potential (e.g. soil texture, local temperature, and soil’s water-holding capacity). 
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Considering the panel structure of the data set, we divide the overall standard deviation 
into between and within variation. The between standard deviation shows the spread in 
the mean values between firms, while the within standard deviation indicates the 
deviation from each individual's averages. Table 2-2 shows that the growth rates of 
revenue have a larger variation within each farm than between them. This is contrary to 
land growth, which has a larger dispersion between farms. For the econometric 
estimation, we used the natural logarithms of all variables. All monetary variables were 
deflated and are in constant prices of the year 2000. We used the standard agricultural 
price indices from official statistics available from BMELV (2006).  
2.4. Results and discussion 
We find that the individual increases of organic farms totaled 2 540 ha, and the 
decreases totaled 511 ha for the sample period. The decreases in acreage were mostly 
small; 78 % of the farms that reduced their size lost 5 ha or less. The increases were 
more evenly distributed, with 47 % of the farms that grew gaining up to 5 ha, 20 % 
growing between 5 and 10 ha, and 33 % gaining more than 10 ha. 
Table 2-3 presents the results for the two econometric estimations, growth of 
agricultural revenue and growth of land. The outcomes of the Arellano-Bond test for 
AR(1) in the first differences in columns (a) and (b) show that the residuals are 
negatively autocorrelated, corresponding to the first-differencing process inherent in the 
SGMM method. The AR(2) tests did not reject the null hypotheses of autocorrelation in 
the second differences, which is a required assumption for consistent results.   
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Observations 1,579 1,579 
No. Instruments  136 28 
F-Test 5.85 [0.00] 
2.19 
[0.03] 
Arellano-Bond test AR(1)   – 5.14 [0.00] 
 – 6.56 
 [0.00] 
Arellano-Bond test AR(2)    0.77 [0.44] 
–1.34 
 [0.18] 
Hansen test of over-identification restrictions 114.69 [0.46] 
4.64 
[0.59] 
Diff.-in-Hansen tests of exogeneity of GMM 





Corrected standard errors in parentheses; p-values in square brackets; significance levels: ∗∗∗/∗∗/∗ denote 
significance at the 1, 5, and 10 % levels, respectively.  
Results were generated using xtabond2 from Roodman (2003).  
  
The estimated coefficients in Table 2-3 indicate that the returns to farm size are negative 
and less than equi-proportionate when farm size is measured in terms of output. 
Therefore, the hypothesis that changes in farm size are independent of the size in the 
previous period is rejected for this estimation. According to the results in Table 2-3, the 
elasticity of farm growth with respect to farm size in the previous period is - 0.42, i.e. a 
farm that is 1 % smaller will, on average, have a rate of growth that is 0.42 % higher. 
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These results are consistent with previous findings in the agricultural sector. Shapiro et 
al. (1987) and Gardebroek et al. (2010) also find that large farms grow slower than 
small farms when farm size is measured in economic terms of output (e.g. gross sales). 
Figure 2-1 illustrates the estimated growth values with respect to farm size and shows 
that smaller organic farms achieve higher growth rates than their peers. The result in 
Figure 2-1 implies that small farms are increasing output to a larger extent than large 
farms; as predicted by economic theory.  
Figure 2-1 Predicted growth rates and farm size (in revenue) for organic farming5. 
 
Source: based on data from Land Data GmbH 1993-2005, Author’s own calculations. 
 
We do not find the same tendency when we measure farm size in terms of land. The 
results in column (b) of Table 2-3 indicate that previous farm size (measured in terms of 
agricultural area) does not have a significant effect on farm growth. This result 
contradicts previous studies in conventional agriculture which find that small farms 
grow at higher rates than larger ones, when farm size is measured in hectares (Shapiro 
et al., 1987; Rizov and Mathijs, 2003). Furthermore, the positive sign of the coefficient 
in Table 2-3 column (b) does not coincide with the negative relationship suggested by 
empirical research and economic theory. To provide a detailed analysis about the 
absolute changes in agricultural land by predefined farm size categories, we present the 
results of the transition probability matrix. Table 2−4 shows the transition probabilities 
of changing the number of hectares in t depending on the size of the farm in t-1. As an 
example, the first row in Table 2-4 indicates that the smallest farms (< 10 ha) have a 
5 The predicted growth rates are the estimated values from equation (2) with respect to revenue.  
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9.5 % probability of reducing their agricultural land area between 10 ha and 0.5 ha in 
the next year, 67 % probability of not changing their size and 20 % probability to 
increase their acreage between 0.5 to 10 ha for the following period. Note that the row 
in Table 2-4 sums up to 1.0. 




Δ hectares t 
> – 20 – 20 to – 10 – 10 to – 0.5 0 0.5 to 10 10 to 20 > 20 
(a) (b) (c) (d) (e) (f) (g) 
< 10 0.0 0.0 9.5 66.7 19.1 4.8 0.0 
10 to 20 0.0 0.0 16.5 56.7 26.8 0.0 0.0 
20 to 30 0.3 0.0 22.5 41.3 34.1 0.6 1.2 
30 to 40 0.0 0.5 21.0 40.7 36.7 1.2 0.0 
40 to 50 0.3 0.3 26.3 31.9 38.2 2.0 1.0 
> 50 0.4 1.7 26.5 20.7 40.7 7.0 3.0 
†: Pairwise T-tests revealed significant differences between farm size categories. The results of pairwise tests are 
presented in the Appendix of this chapter. For column (d), see Table A 1 and for column (e) see Table A 2. 
Source: Author’s own calculations 
 
The results in Table 2-4 column (d) show that small farms (< 10 ha) have a 67 % chance 
of not changing farm size within the next year. This percentage drops to 21 % if the 
farm has more than 50 ha. The group differences in column (d) are statistically 
significant from each other, except for two pairwise comparisons6. This result provides 
evidence that the probability to change the scale of operation is higher for categories 
with larger farm sizes. This result also indicates that small farms are not adjusting their 
scale of operation in terms of land as expected by economic theory. The persistence of 
farms in a determined size category is a frequent event observed in empirical literature. 
As described by Huettel and Margarian (2009) and Chavas (2001), this is related to the 
reluctance of farms to exit the sector or to grow and is explained by the  initial farm size 
structure conditions in the region, sunk costs, uncertain future revenues, and the 
presence of imperfect markets for labor and capital. 
Additionally, the results in Table 2-4 column (e) show that the increases in land occur 
by a maximum of 10 ha. The probability of increasing acreage by 10 ha is statistically 
different between most size categories7; it increases with increasing farm size. 
Explanations for this development are that, firstly, large organic farms cope better with 
the investment cost for acquiring and converting new area into organic than their 
6 see Table A 1 in the Appendix of this chapter. 
7 see Table A 2 in the Appendix 
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smaller peers; secondly, uncertainty for future revenues due to irregular yields, potential 
changes in the policy support and market conditions; thirdly, if organic farms have a 
limited supply of organically certified inputs (Sahm et al., 2012; Kuhnert et al. 2013), it 
is reasonable that increases in farm size are modest; finally, purchasing or renting 
additional land and converting it into organic is a long-term investment, whereas the 
policy support and growing demand for organic products are external factors which are 
not under farmers’ control and can change in the mid-term.  
The SGMM estimations reveal which additional factors besides size influence changes 
in the scale of operation of organic farms. Table 2-3 indicates that the land variable has 
a positive effect on changes in revenue, as the elasticity value for land is 0.18. 
Furthermore, farms with 1 % more capital have, on average, a 0.10 % higher rate of 
growth in terms of revenue. This outcome can be explained by the effect of capital on 
productivity and efficiency (Lakner et al., 2012; Tiedemann and Latacz-Lohmann, 
2013), which enables farms to produce more output with less inputs.  
Organic farms with 1 % more labor endowment exhibit, on average, a 0.22 % higher 
rate of growth in revenue. Labor has no significant effect on acreage expansion. Part-
time farming has a significant and positive impact on land growth; organic holdings 
operated by part-time farmers report 2.8 % higher growth rates than full-time farmers. 
This is surprising because previous studies by Weiss (1999) and Juvancic (2006) find 
that part-time farming reduces the probability of survival and growth. However, in the 
case of organic farming in South Germany, the former suggests that off-farm 
employment does not only stabilize a household’s income on smaller farms, it enables 
them to invest in additional agricultural area.  
Farmer’s age has a non-linear effect on growth of land; it has a positive effect when 
farmers are younger than 45 years old and then becomes negative. This result is 
consistent with the life-cycle pattern found by Gale (1994), Weiss (1999), and Juvancic 
(2006). Furthermore, we find evidence that farms that on average have 1 % higher 
livestock intensity (LU/ha) show 0.09 % higher growth in revenue; thus, this factor 
increases the revenue of organic farms via gains in productivity. The result of the land 
growth model shows that an increase of 1 % in the LU/ha decreases acreage growth by 
0.03 %, implying that intensification of livestock production reduces the demand for 
additional agricultural area.  
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Subsidies for organic farming have a significant and positive effect on growth of 
agricultural land. This indicates that support payments contribute to offset the lower and 
irregular yields and the additional costs during the conversion period of new farmland. 
The support payments did not have a significant effect on growth of revenue. 
Soil quality has a positive effect on the growth in terms of output, and no impact on the 
change in land. The coefficient shows that farms with 1 % higher soil quality show, on 
average, 0.08 % higher growth in revenue. This can be explained by the positive effect 
of soil quality on technical efficiency in organic farming (Tiedemann and Latacz-
Lohmann, 2013; Lakner et al. 2012), contributing to the reduction of inefficiency 
sources and an increase in output. Furthermore, farms in favorable soil conditions can 
more readily adjust their production programme to fit market demands. Direct 
marketing has no significant impact on farm growth, neither when measured in revenue 
nor when measured in agricultural land. 
Results from previous studies indicate that farm size and growth have a negative 
relationship (Shapiro et al., 1987; Weiss, 1999; Rizov and Mathijs, 2003; Bakucs and 
Fertő, 2009; Gardebroek et al., 2010). If small, slow-growing farms are less likely to 
remain in the data set than large farms; over time we observe that only small farms 
perform well. Thus, an analysis based on incumbent farms (those who remain in the 
data set) alone will be biased. Nevertheless, this is not the case in the present study. The 
analysis includes yearly newcomers and dropouts. Furthermore, the Verbreek and 
Nijman-tests did not find significant evidence of the three variables we created. The was 
no significant effect of the variable with the number of years the farm participates in the 
panel, the revenue growth estimation, t(453) = -0.0048, p-value= 0.51 and the land 
growth regression, t(453) = 0.0002, p-value= 0.98. The dummy variable indicating 
whether the farm exits in the subsequent period was also not significant, t(453) = - 
0.0076, p-value= 0.79 and t(453) = 0.0153, p-value= 0.22. Finally, the effect of the 
dummy variable for firms with less than 5 years of observations was not significant, 
t(453) = 0.0149, p-value= 0.57 (revenue growth) and t(453) = -0.0027, p-value= 0.78 
(land growth). Additionally, farmers who have dropped out in the sample are young (42 
years old) and all receive support payments, committing them to maintain organic 
farming for a minimum of 5 years. Thus, these results do not show evidence for the 
existence of attrition bias and reinforce the assumption that most dropouts did not cease 
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operations or revert to conventional farming, but more likely stopped hiring the 
bookkeeping services. 
2.5. Conclusions 
We find that most organic farms in southern Germany have changed their farm size 
during the period of study. Therefore, the overall increase in area farmed organically in 
this region does not only come from conversion of conventional farms, but also from 
acreage expansion of the existing organic farms. The evidence shows that acreage 
expansion occurred in adjustments of less than 10 ha, regardless of the farm size. The 
acreage increase is partly driven by subsidies for environmental measures, indicating 
that the political support for organic agriculture in this region has not only stimulated 
the conversion of conventional farms, but also the individual growth of organic farms. 
Other determinants of acreage growth are off-farm income, farmer's age, and intensity 
of livestock production. Large organic farms cope better with the competitive 
conditions of the regional market and presumably have the additional capital to finance 
the costs for converting new farmland into organic. This study reveals that previous 
findings on land growth from conventional agriculture differ from the case of organic 
farms in South Germany. 
The results of the revenue growth estimation reveal that small organic farms have 
higher growth rates of revenue than their counterparts. This result is consistent with 
previous studies stating that average costs of production decrease more rapidly for small 
farms than for large farms when output increases. Moreover, any improvement in output 
and reduction in costs has a larger impact in proportional terms for small farms than it 
does for large ones. We also find evidence that capital, labor, intensity of livestock 
production and soil quality have a significant positive impact on revenue growth in 
organic farming. This is particularly important for small organic farms with limited 
possibilities to expand acreage, since output increase can be achieved through efficient 
allocation of the previous factors and improvements in current technology.  
Unfortunately, this study could not take into account the effects of variables pertaining 
to farm survival or the reversion of organic farms to conventional agriculture, two 
important aspects of structural change in the organic sector. Once relevant data are 
made available on farms that ceased to operate or reverted to conventional agriculture, 
future studies can address these research issues.  
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Appendix 
Table A 1 T-Tests for pairwise comparisons for holding farm size column (d) Table 
2-4†. 
Farm size < 10 ha 10 to 20 ha 20 to 30 ha 30 to 40 ha 40 to 50 ha 
10 to 20 ha 0.82 (0.37)         
20 to 30 ha 5.68 (0.02) 10.65 (0.00)       
30 to 40 ha 6.03 (0.01) 12.34 (0.00) 0.03 (0.87)     
40 to 50 ha 10.69 (0.00) 27.79 (0.00) 6.14 (0.01) 6.01 (0.01)   
> 50 ha 19.53 (0.00) 74.97 (0.00) 44.37 (0.00) 49.66 (0.00) 13.26 (0.00) 
†: p-values in parentheses 
 
 
Table A 2 T-Tests for pairwise comparisons for increasing acreage column (e) 
Table 2-4†. 
Farm size < 10 ha 10 to 20 ha 20 to 30 ha 30 to 40 ha 40 to 50 ha 
10 to 20 ha 0.71 (0.40)         
20 to 30 ha 2.84 (0.09) 2.85 (0.09)       
30 to 40 ha 3.93 (0.05) 5.53 (0.02) 0.52 (0.47)     
40 to 50 ha 4.50 (0.03) 6.50 (0.01) 1.12 (0.29) 0.17 (0.68)   
> 50 ha 6.10 (0.01) 12.52 (0.00) 4.26 (0.04) 1.82 (0.18) 0.58 (0.45) 















Technical efficiency in the Chilean agribusiness – a Stochastic Metafrontier Approach  




The agribusiness industry is one of the most important and competitive sectors in Chile. 
This study models technical efficiency in Chilean agribusiness between 2001 and 2007 
by taking into consideration the differences between the meat, fruit & vegetables, dairy, 
milling and bakery sectors. We analyze firm data incorporating 2,940 observations 
using the Stochastic Metafrontier approach. We observe dynamic developments in the 
sectors with a stronger export-orientation for meat, fruit & vegetables and dairy. We can 
show that meat and fruit & vegetables firms in particular have experienced positive 
technological change, whereas dairy firms exhibit a slight decrease in efficiency and 
technical change. The milling and bakery sectors, which mainly produce for the 
domestic market, display consistently stable efficiency and technical change. The 
results confirm that an in-depth analysis of these sectors is necessary to evaluate the 
competitiveness of the agribusiness industry in Chile. 
  
8 This chapter is co-authored with Prof. Dr. Bernhard Brümmer and Dr. Sebastian Lakner and has been 
submitted to the Journal Agribusiness.  
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3.1. Introduction 
Chile, one of the strong emerging economies in Latin America, has a long tradition of 
liberal trade policies. Chile has free trade agreements with other countries, regions, and 
free-trade areas9, all of which highlight a strong trade orientation in Chile's economic 
policy. Between 2003 and 2013, Chile's exports grew by an annual average rate of 
2.4 % in volume terms and 11.6 % in value terms (World Bank, 2014). In 2014, Chilean 
agribusiness accounted for 22 % of Chilean total exports in value terms (Chilean 
Central Bank, 2014). Throughout the last 15 years, the industry has successfully 
overcome various challenges and new sectors have started to trade on international 
markets. As a result, the agribusiness industry has constantly been able to increase its 
exports, with the exception of 2009 when the world economic crisis reached the Chilean 
economy. The economic crisis mainly affected the sector of fruit & vegetables. 
Nevertheless, the Chilean agribusiness industry managed to average an export value 
growth rate of 10 % for the period 2004 - 2014 (Chilean Central Bank, 2014).  
Classical Ricardian trade theory would suggest that comparative advantage in an 
industry (in the absence of direct policy intervention) leads to increased exports of that 
industry on the world market. Consequently, the export share of an industry on the 
world market "reveals" its competitive advantages (Balassa, 1965). However, recently, 
starting from the firm heterogeneity approach by Melitz (2003), the role of productivity 
differences has been added as an important element in explaining participation in 
international trade. Firm heterogeneity models suggest that aggregate country-level 
average productivity is inaccurate because only a small share of the firms within the 
exporting industries engage in exporting (Bernard et al., 2007). In the case of Chile, the 
impressive export growth and the absence of policy interventions reflect an 
improvement in the comparative advantage of the Chilean agribusiness. Hence, the 
objective of this paper is to investigate the technical efficiency of the Chilean 
agribusiness by taking into consideration the heterogeneity within the industry. 
Interestingly, there is little empirical literature analyzing the productivity and efficiency 
of the agribusiness and food industries (Lundvall and Battese, 2000, Singh et al., 2001, 
Chaaban et al., 2005, Roudaut, 2006, Setiawan et al., 2012). Moreover, it is commonly 
analyzed at an aggregate level as a small part of the ‘manufacturing industry’. However, 
agribusiness differs from other manufacturing industries in that the supply of raw 
9 European Union, Mexico, Canada, South-Korea, Central America, the Mercosur-states, Singapore, 
Japan, China, India, New Zealand, Colombia, Venezuela, Ecuador, Bolivia, Peru, and the USA. 
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materials strongly depends upon weather conditions and seasonality of production; in 
most cases, the raw materials can only be stored for a limited time. Furthermore, 
previously there has not been a distinction between the different sectors within the 
agribusiness regarding their production and sector structures. An efficiency 
measurement based on the whole agribusiness industry can be misleading. Therefore, 
our study fills this gap by examining the Chilean agribusiness and analyzing how the 
existing intra-sector heterogeneity in production structures, factor endowment and trade 
exposure influences technical efficiency (TE) and technical change (TC). We also 
provide an overview of the development of the agribusiness sectors between 2001 and 
2007. 
The remainder of this work is organized as follows. Section 3.2 provides background 
information on the potential effects of trade liberalization and the five sectors analyzed 
in this paper. Section 3.3 describes econometric estimation and the data employed. 
Section 3.4 presents the results of the estimation and their interpretation. Finally, in 
Section 3.5 we summarize the results and draw conclusions for the Chilean agribusiness 
industry. 
3.2. Background  
3.2.1 Efficiency and trade 
Firms and consumers benefit from free trade through static welfare gains. There are 
adjustments in the structure of consumption and production in response to international 
price ratios. For the production, these changes occur as onetime adjustments in the 
output of industries whose prices changed due to trade liberalization. As Chile started 
its free-trade agenda decades ago, the welfare gains from these static effects have most 
likely already been reaped. Therefore, the dynamic effects of liberalized trade on 
efficiency and productivity are the present focus of this research. Recent empirical 
research finds that openness facilitates more competition and restricts price mark-ups 
resulting from market power. It also results in higher investments, productivity growth 
and improves exploitation of economies of scale, at least if appropriate domestic 
policies accompany the liberalization (Pavcnik, 2002; OECD, 2010). 
A recent theory on trade emphasizes the importance of the heterogeneity of firms in 
explaining the dynamic effects of free trade. Melitz (2003) identifies differences in 
firms' productivity as a new source of gain from trade and establishes that trade 
exposure induces most productive firms to export, while forcing less productive firms to 
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exit the industry. The reallocation of resources from low to high-productive firms 
contributes to an aggregate productivity increase. Empirical studies of firm 
heterogeneity and trade provide evidence that international trade is concentrated, that is, 
only a very small number of firms dominate exports (Bernard et al., 2007). These firms 
also tend to be largest in the industry, an outcome that arises from increasing returns to 
scale (Ciuriak, 2014). Secondly, exporters export - on average - a small share of the 
firm output (Bernard and Jensen, 1995). Furthermore, firms' characteristics determine 
decisions on export volume (intensive margin of trade) and the set of trade partners or 
products (extensive margin); this explains much of the variation in aggregate trade 
flows (Bernard et al., 2007). Thus, firms' heterogeneity and performance are crucial 
aspects to consider when explaining engagement in international trade and its impact in 
a given industry. 
Finally, trade liberalization and the corresponding increased level of competition have 
several potential dynamic effects on industry, which can be described as follows: 
• Rodrik (1995) and Pavcnik (2002) list a number of important channels through 
which trade liberalization improves industry performance. All these channels start 
from the assumption that the industry is characterized by substantial heterogeneity 
prior to trade liberalization. Learning by doing, in particular ‘learning by 
exporting’, contributes both to higher rates of adoption of new technologies, and 
to better utilization of the potential of existing technology (gains in technical 
efficiency).  
• Stronger competition caused by external competitors and price pressures within 
domestic industries hinders market power. This influences the sectoral output by 
pushing firms to exert more efforts (i.e., gains in technical efficiency). Tybout et 
al. (1991) support this argument by proving that output levels and average 
efficiency levels of Chilean manufacturing plants rise for those industries facing 
significant reductions in protection after trade liberalization. Finally, the Hicksian 
‘quiet life’ of the monopolist is harder to maintain in the presence of global 
competition. 
• In the same vein, increases in competitive pressures can be expected to increase 
the rate of structural change within the industry. As discussed above, Melitz 
(2003) identifies that trade exposure accelerates the reallocation of economic 
resources and market shares toward more productive firms. The effect of this 
structural change is an improvement in the aggregate productivity. Pavcnik (2002) 
48 
Technical efficiency in the Chilean agribusiness – a Stochastic Metafrontier Approach  
analyzes plant productivity of Chilean manufacturing industries during a period of 
adjustments toward trade liberalization from 1979 - 1986. Her results show strong 
evidence that trade liberalization increases aggregate productivity in the export-
oriented and import competing sectors in comparison to the non-traded goods 
sectors.  
• On the other hand, we observe different kinds of technological spill-overs from 
exporting firms to non-exporting firms via labor and product markets. For the case 
of the agricultural sector in Chile, Fleming and Abler (2013) show technological 
spill-overs from non-traditional crops, which are mainly produced for export, to 
the traditional crops, which are consumed on the domestic market. Their results 
find trade exposure positively correlated with yield, suggesting that trade has a 
positive effect on farm productivity.  
• Firms acting in a globalized market are better able to exploit increasing returns to 
scale, if these play a role in the industry at hand. Firms are also better able to 
utilize their installed capacities. Nevertheless, the relatively low degree of 
processing in the Chilean agribusiness suggests that the impact of scale 
improvements on growth is rather limited. Typically, economies of scale increase 
with the degree of processing.  
• Resource use efficiency might improve in a liberalized economy because 
liberalization frequently lowers the expected returns to rent-seeking activities. 
However, existing rent-seeking activities, even if targeted, might not completely 
vanish, but re-emerge in different areas (e.g., public procurement). The share of 
resources devoted to such wasteful activities will be influenced more strongly by 
the general level of governance in a country (Dijkstra, 2000). Since Chile, in 
almost all quantification attempts, shows relatively low levels of corruption, the 
impact of this last channel is likely limited.  
Hence, most of the previous dynamic effects of liberalization are likely to materialize in 
the form of efficiency improvements. However, the magnitude of these effects is 
determined by the intra-sector heterogeneity. Therefore, we use the differences within 
the industry as a basis to analyze the technical efficiency of the Chilean agribusiness 
industry.   
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3.2.2 Background information on Chilean agribusiness 
The agribusiness industry involves several links in the food production chain including 
inputs suppliers, processors and retailers. The export value of this industry accounts for 
22 % of total Chilean exports (Chilean Central Bank, 2014). In this study, we center our 
analysis on the largest sectors: meat, fruit & vegetables, dairy, milling and bakery. 
These sectors account for 71 % of total agribusiness firms in 2007 and 46 % of the 
industry revenue (INE, 2007). These sectors also have sufficient observations available 
for the entire period of interest (see section 3.3). 
The development of the meat sector in Chile has been driven by a continuous increase 
in domestic demand. Pork and chicken meat consumption increased 25 % and 14 % 
respectively from 2001 to 2007. Accordingly, pork and poultry production tripled 
between 1990 and 2008 (ODEPA, 2011). In 1997, Chile started to export significant 
volumes of meat and in 2002 it achieved a trade surplus for the first time (ODEPA, 
2014a). In particular, during the period of this research (2001 - 2007), the volumes of 
exported meat grew, on average, 32 % annually. Nowadays, Chile mainly produces and 
processes poultry meat (47 %) and pork meat (32 %) (ODEPA, 2014b). According to 
ODEPA (2011), these developments have also contributed to technological 
improvements in the meat processing sector. Two aspects were crucial for the 
development of meat export: firstly, improvements in access to export markets through 
preferential tariffs, and secondly, a high sanitary and phytosanitary status of the country. 
For example, Chile is free from foot and mouth disease and bovine spongiform 
encephalopathy. 
The fruit & vegetables sector is one of the strongest exporting sectors in Chile.  It 
enjoyed a phase of accelerated growth in the 1980s, with an average growth rate in 
export volumes of 38 % (Chilealimentos, 2013). However, this had slowed down to 9 % 
during the period of our study (2001 - 2007). The focus of processing activities in the 
fruit & vegetables sector is on canned products (40 to 50 %), dehydrated products (20 to 
30 %), frozen foods (15 %), and juices and oils (Chilealimentos, 2013; ODEPA, 2011). 
Generally, this sector has up-to-date technologies; this condition is strongly influenced 
by the recent development of firms processing oil products (olive and avocado oil) 
(ODEPA, 2012). 
Rising milk prices in the domestic market during the 1990s resulted in an increase in 
national production (ODEPA, 2011). Analogous to the meat sector, the development in 
the primary sector stimulated production and exports of processed dairy products. Dairy 
50 
Technical efficiency in the Chilean agribusiness – a Stochastic Metafrontier Approach  
exports have increased steadily since 2001. In 2004, Chile became a net exporter of 
dairy products (ODEPA, 2014b). Mexico and Venezuela acquire nearly 70 % of dairy 
exports, although in recent years Cuba and China have increased their shares (ODEPA, 
2011). The milk processing sector is very concentrated: The four largest firms10 
purchase 75 % of the raw milk in the country and export 78 % of total Chilean dairy 
exports. On the other hand, the primary dairy sector is fragmented with about 12,000 
dairy farmers in the country (ODEPA, 2009). 
The milling sector is oriented to the domestic market. It has been re-activated in recent 
years by the increased demand for processed cereal and meal products for human 
consumption and prepared animal feeds for different growing sectors: pork, poultry, and 
salmon. For this reason, milling has made technological investments to improve quality 
and extraction rates; the average extraction rate for flour increased from 68 % in 1995 to 
approximately 78 % in 2005 (Fundacion Chile, 2005). The milling sector imports wheat 
from Argentina and the USA to cope with the increasing demand for higher quality and 
larger volumes of flour (ibid.).  
The main buyers from milling firms are bakeries. The bakery sector is highly 
fragmented, yet it is one of the most important in economic terms. In 2006, sales were 
calculated at 1,000 million US Dollars in bakery products and 25,000 direct jobs were 
generated. Increased purchasing power has increased demand and variety of these 
products in recent years, forcing bakery firms to update technology. However, the rising 
costs of energy and wheat flour have decreased profit margins (Fundacion Chile, 2007). 
These five sectors have developed and modernized at varying rates and times. Fruit & 
vegetables was a pioneer for breaking into international trade, whereas meat and milk 
began to trade significant volumes two decades later. Therefore, an aggregate efficiency 
measurement for the Chilean agribusiness is likely to be distorted, as firms face 
different technologies and production opportunities according to their sector. 
Additionally, the structure and trade orientation varies between sectors. This also has an 
effect on firm efficiency. Finally, the Metafrontier approach enables us to measure 
efficiency levels for firms under different technologies relative to the entire industry, 
allowing us to capture the firms’ efficiency differences across sectors.  
10 Two of them are subsidiaries of multinational dairy companies, i.e. Fonterra and Nestlé. 
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3.3. Methods and data 
We use the Metafrontier model within the Stochastic Frontier Analysis (SFA) 
developed by Battese et al. (2004) and O'Donnell et al. (2008). This approach provides a 
framework to estimate the deviations between the observed outputs and the group or 
sector frontiers. Similarly, deviations can be estimated between the observed outputs 
and the Metafrontier (or industry frontier). Both sets of deviations can be estimated as a 
single data-generating process.  
3.3.1 Stochastic Frontier Analysis 
We use a stochastic frontier analysis approach to investigate the efficiency differences 
and the impact of potential determinants of technical efficiency in Chilean agribusiness. 
The basic stochastic frontier model can be defined as follows (Aigner et al., 1977, 
Meeusen and van den Broeck, 1977):  
𝑦𝑦𝑖𝑖𝑡𝑡 = 𝑓𝑓�𝑥𝑥𝑗𝑗𝑖𝑖𝑡𝑡 , 𝛽𝛽𝑖𝑖� ∗ 𝑒𝑒𝑥𝑥𝑝𝑝{𝑤𝑤𝑖𝑖𝑡𝑡}                    𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑤𝑤𝑖𝑖𝑡𝑡 =  𝑣𝑣𝑖𝑖𝑡𝑡 − 𝑢𝑢𝑖𝑖𝑡𝑡                                     (3.1) 
𝑦𝑦𝑖𝑖𝑡𝑡 = 𝑓𝑓�𝑥𝑥𝑗𝑗𝑖𝑖𝑡𝑡 , 𝛽𝛽� ∗ 𝑒𝑒𝑥𝑥𝑝𝑝{𝑣𝑣𝑖𝑖𝑡𝑡 − 𝑢𝑢𝑖𝑖𝑡𝑡} ,                                                                                 (3.2) 
where output 𝑦𝑦𝑖𝑖𝑡𝑡 is the sum of revenues of the i-th firm at time t, and  𝑥𝑥𝑗𝑗𝑖𝑖𝑡𝑡 denotes 
j = four inputs. These are: total labor (x1), cost of raw materials (x2), total operating 
costs (x3), capital (x4) and a dummy variable for exporting firms (D1) at t. The functional 
form 𝑓𝑓(∙) is specified as a translog function. 𝛽𝛽 represents a vector of parameters to be 
estimated, and 𝑤𝑤𝑖𝑖𝑡𝑡 is the composed error term,  𝑤𝑤𝑖𝑖𝑡𝑡 =  𝑣𝑣𝑖𝑖𝑡𝑡 − 𝑢𝑢𝑖𝑖𝑡𝑡. The first component 
𝑣𝑣𝑖𝑖 is defined as a pure random error (white noise), independently and identically 
distributed as 𝑁𝑁(0, 𝜎𝜎𝑣𝑣2) (Aigner et al., 1977). The second error-term  𝑢𝑢𝑖𝑖 is a systematic 
and nonnegative random variable for the i-th firm (Schmidt and Sickles, 1984), which is 
assumed to be under the firm’s control. We assume a half normal distribution for the 
inefficiency term,  𝑢𝑢𝑖𝑖~𝑁𝑁+(0, 𝜎𝜎𝑢𝑢𝑖𝑖𝑡𝑡), where we allow for heteroscedasticity by modeling 
𝜎𝜎𝑢𝑢𝑖𝑖𝑡𝑡 = exp (𝑧𝑧𝑗𝑗𝑖𝑖𝑡𝑡𝜌𝜌𝑗𝑗). The Z-variables include the inputs and additional potential drivers 
of technical efficiency. 
The inference in the stochastic frontier model is based on maximum-likelihood 
estimates that are obtained in terms of the parameterization of  𝜎𝜎𝑣𝑣2 + 𝜎𝜎𝑢𝑢2   ≡  𝜎𝜎2 
and 𝛾𝛾 = 𝜎𝜎𝑢𝑢2 (𝜎𝜎𝑣𝑣2 + 𝜎𝜎𝑢𝑢2 )⁄ , where 𝛾𝛾 lies between zero and one. Thus, if 𝛾𝛾 = 0, all 
deviations are due to noise, while 𝛾𝛾 = 1 means all deviations are due to technical 
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inefficiency. An output-oriented measure of technical efficiency (TE) for any i-th 
individual firm is given by: 





= exp(−𝑢𝑢𝑖𝑖)  ∈  [0,1].                                                        (3.3) 
The estimation of equation (3.1) depends on the assumption that both error components 
are homoscedastic. However, it is possible that both errors are affected by 
heteroscedasticity (Caudill et al., 1995). Thus, the inefficiency term would vary 
according to the size of the firm; larger firms often exhibit more variation in input 
allocation than smaller firms. Since the data show a large variation in terms of inputs 
and outputs, we are using the heteroscedasticity model (Wang and Schmidt, 2002) for a 
production frontier framework. The main estimation of the heteroscedasticity model is 
described as follows: 𝜎𝜎𝑢𝑢𝑖𝑖𝑖𝑖 = 𝑒𝑒𝑥𝑥𝑝𝑝�𝑧𝑧𝑖𝑖𝑡𝑡𝜌𝜌𝑗𝑗�, where 𝑧𝑧𝑖𝑖𝑡𝑡 is a matrix of j explanatory variables 
of the variance of inefficiency term 𝜎𝜎𝑢𝑢𝑖𝑖𝑖𝑖 for firm i in period t; 𝜌𝜌 is a vector of length j of 
parameters to be estimated, reflecting the impact of the variable 𝑧𝑧𝑖𝑖𝑡𝑡 on technical 
inefficiency. A positive (negative) estimate of ρ indicates that the corresponding 
variable leads to a larger (smaller) variance of the inefficiency term, i.e. a smaller 
(larger) technical efficiency. The model was estimated by means of Maximum-
Likelihood (see Coelli et al., 2005) 
3.3.2 Metafrontier model 
The estimation of technical efficiency is based on the assumption that all firms have 
access to homogenous technology. In order to incorporate technology differences within 
Chilean agribusiness, we use the stochastic Metafrontier (MF) framework (Battese et 
al., 2004). Unlike the stochastic frontier specified above, the MF is a deterministic 
frontier, defined by the condition that it envelops the maximum outputs predicted by a 
set of estimated group-specific stochastic frontiers (Figure 3-1). 
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Figure 3-1 Group frontiers and Metafrontier. 
 
Source: own presentation based on O’Donnell et al., 2008 p. 236 
 
For a given observation A belonging to group 2 in Figure 3-1, we can estimate its 
technical efficiency relative to its given group frontier (2*). Its technical efficiency 
(TEA) for a given set of inputs x would be TEA = 0A / 0B. For the same observation A, 
the total technical efficiency TEA* in relation to the MF would be TEA* = 0A / 0D, 
assuming that the observed firm A has access to the joint technology. The meta-
technology ratio (MTR) (O’Donnell et al., 2008) is defined as the ratio of the distances 
between the group-specific frontier *2 and M: MTR = 0B /0D.  
The stochastic MF model is based on the group-specific frontier for group G: 
𝑦𝑦𝑖𝑖𝑡𝑡(𝐺𝐺) = 𝑓𝑓�𝑥𝑥𝑗𝑗𝑖𝑖𝑡𝑡(𝐺𝐺), 𝛽𝛽(𝐺𝐺)� ∗ 𝑒𝑒𝑥𝑥𝑝𝑝{𝑣𝑣𝑖𝑖𝑡𝑡(𝐺𝐺) − 𝑢𝑢𝑖𝑖𝑡𝑡(𝐺𝐺)}                                                   (3.4) 
with a given output y and for the inputs x (j=4) of firms i. The group-specific parameter 
β(G) is estimated for the different groups G = 1, 2, …, N.  
The MF is then defined as: 𝑦𝑦𝑖𝑖𝑡𝑡∗ = 𝑓𝑓�𝑥𝑥𝑗𝑗𝑖𝑖𝑡𝑡, 𝛽𝛽∗�                                                            (3.5) 
subject to 𝑥𝑥𝑗𝑗𝑖𝑖𝑡𝑡 , 𝛽𝛽∗ ≥   𝑥𝑥𝑗𝑗𝑖𝑖𝑡𝑡 , 𝛽𝛽𝐺𝐺  , where β* is a vector of parameters for the Metafrontier. 
These parameters for the deterministic MF can be estimated by mathematical 
programming techniques, such as linear programming to minimize the sum of 
deviations between 𝑦𝑦𝑖𝑖𝑡𝑡∗  and 𝑦𝑦𝑖𝑖𝑡𝑡(𝐺𝐺), or by using quadratic programming to minimize the 
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sum of squared deviations (Battese et al., 2004). In our case, the results from both 
techniques are similar; hence we only present the linear programming results. 
The firm's individual MTR is then expressed as follows:  





                                                                                                           (3.6) 
The firm's individual technical efficiency to the Metafrontier, 𝑇𝑇𝑇𝑇𝑖𝑖𝑡𝑡∗  is defined as:  
𝑇𝑇𝑇𝑇𝑖𝑖𝑡𝑡∗ = 𝑇𝑇𝑇𝑇𝑖𝑖𝑡𝑡𝐺𝐺  ×  𝑀𝑀𝑇𝑇𝑀𝑀𝑖𝑖𝑡𝑡                                                                                                (3.7) 
The model is estimated using the package sfamb for OxMetrics 6.3 (Brümmer, 2001). 
Standard errors for the parameters of the Metafrontier can be obtained by statistical 
simulation; we conduct 5,000 replications of the simulations.  
3.3.3 Data 
We use data from the ‘Annual National Industrial Survey (ENIA)’, which was 
conducted between 2001 and 2007 by the National Institute of Statistics in Chile (INE). 
The ENIA surveys the full population of manufacturing establishments with 10 or more 
employees (INE, 2007), based on information provided by the Internal Revenue 
Service. The data set covers the manufacturing of food products (division 15 of the 
International Standard Industrial Classification (ISIC)). The divisions are defined by the 
United Nations (2002) based on similarities in (i) produced goods, (ii) the uses to which 
the goods are put, and (iii) the inputs, the process and the technology of production. 
Finally, firms are classified according to the production activity, which accounts for 
most of the value added. 
There were not enough observations for statistical analysis of some sectors; hence, the 
final data set consists of the following five sectors: (1) production and processing of 
meat and meat products, (2) processing and preserving of fruit & vegetables, (3) 
manufacture of dairy products, (4) manufacture of grain mill products and (5) 
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Table 3-1 Number of observations by sector in the data set. 
ISIC 
Classes 
Observations Firms Description of the sector 
1511 301 43 Production, processing and preserving of meat and meat products 
1513 217 31 Processing and preserving of fruit & vegetables 
1520 161 23 Manufacture of dairy products 
1531 434 62 Manufacture of grain mill products 
1541 1,827 261 Manufacture of bakery products 
 2,940 420 Total 
Source: Author’s own calculation 
 
Table 3-2 presents the descriptive statistics for the overall sample and for the individual 
sectors. Output is measured in terms of revenue from all manufactured products. Labor 
represents the average number of workers per year in a firm. Raw materials describe the 
value of products which are bought to be processed, for instance, fruits, raw milk, 
grains, flour, etc. We also estimate the operating costs as the sum of expenses for fuel, 
water, and electricity used in the production process. Finally, capital is measured as the 
value of capital stock (land, vehicles, machinery, and buildings) minus the accumulated 
depreciation. The studies of Jorgenson (1989) and Diewert (2003) provide an overview 
of the different methodological approaches to appropriately estimate the capital of a 
production unit. We found the value of fixed assets to be the most reliable proxy for 
capital. All monetary variables are measured in 2007 constant prices. Operating costs 
and raw materials are deflated by the Wholesale Price Index, revenue from exports is 
deflated using the Export Food Index, and revenue from domestic sales is deflated by 
the Consumer Price Index. The variable capital is deflated by the Gross Fixed Capital 
Formation. All indexes were provided by the Central Bank of Chile. 
The average revenue for agribusiness firms is 4,270 million Chilean Pesos (CLP$). 
Meat and dairy firms are the largest firms in terms of output, followed by fruit & 
vegetables firms, milling firms and bakeries. Raw material is the main input factor in 
each of the sectors. Meat and dairy firms have the highest use of raw materials and 
capital. The differences between these two sectors consist of meat firms being more 
labor intensive and having lower operating costs than dairy firms. The fruit & 
vegetables sector has the second highest labor and operating cost intensity; however, it 
produces distinctly less output than meat and dairy firms. On the other hand, milling 
firms have low labor and operating cost intensity, and their output is similar to that 
produced by fruit & vegetables firms. Table 3-2 depicts the outward orientation of each 
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sector, for instance, 64 % of fruit & vegetables firms export. The share of exporting 
firms is also relatively high in the meat and dairy sectors, but low in the milling and 
baking sectors.  
Table 3-2 Summary statistics of the Chilean agribusiness. 
Variables Meat Fruit &  
Vegetables 
Dairy Milling Bakery Overall 
 Mean (Standard deviation) 
Revenue (CLP$ 10 Mio.) 1,450 697 1,640 532 95 427 
 
(2,130) (1,030) (4,000) (621) (683) (1,420) 
Labor (No. of workers) 219 212 176 49 36 78 
 
(310) (280) (351) (56) (122) (192) 
Raw Materials (CLP$ 10 Mio.) 1,080 439 1,040 456 44 294 
 
(1,590) (637) (2,730) (518) (287) (944) 
Operating Costs (CLP$ 10 Mio.) 29 31 40 11 4 12 
 
(46) (50) (104) (14) (22) (38) 
Capital (CLP$ 10 Mio.) 557 381 551 160 32 159 
 
(991) (666) (1660) (235) (247) (607) 
Share of exporting firms (%) 24.9 63.6 21.1 9.5 0.4 10.1 
Determinants of technical efficiency       
Share of skilled workers (%) 0.13 0.12 0.16 0.12 0.24 0.20 
Share of non-productive labor (%) 0.30 0.62 0.46 0.42 0.31 0.37 
Dummy for contract manufacturer  (0/1) 0.57 0.46 0.48 0.59 0.78 0.69 
Dummy for export fiscal incentives (0/1) 0.06 0.35 0.02 0.03 0.00 0.04 
Source: Author’s own calculation 
The share of skilled workers (workers with training) is relatively uniform over all 
sectors, except for the bakery firms. This sector requires workers with specific training. 
The share of workers in administrative, sales, and management tasks (non-productive 
labor) is highest for fruit & vegetables firms. About half of the firms in the five sectors 
are ‘contract manufacturers’, that is, they process food for third parties. This practice is 
more frequent in bakery, milling, and meat firms and it is expected to increase 
performance, since they benefit from economies of scales and know-how by servicing 
multiple contractors. Finally, fruit & vegetables firms receive the most fiscal incentives 
for exporting. Fiscal incentives consist of tax rebates for exporting; exporters receive a 
refund of 19 % of the Free on Board value of exports. 
3.4. Results and discussion 
This section begins by presenting the standard tests for selecting the functional form of 
the production function and the inefficiency approach. We then show the results of the 
group frontiers and Metafrontier as well as the technological progress on all sectors.  
Finally, we present the development of technical efficiency of exporting and non-
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exporting firms. 
3.4.1 Efficiency analysis 
Table 3-3 shows the standard test results to evaluate the general specifications of each 
model. The first test rejects the null hypothesis of no technical efficiency for each 
sector. The second test rejects the null hypothesis that the production function has a 
Cobb-Douglas (CD) functional form for all groups. Similarly, both constant returns to 
scale (RTS) and no impact on the variance of inefficiency by the firm-specific factors 
are soundly rejected. Finally, the data show evidence against a homogenous technology, 
indicating that an MF approach is a superior approach to compare firm performance 
across the sectors. 




value Meat Fruit & vegetables Dairy Milling  Bakery  
H1: No inefficiency† 
𝜌𝜌𝑗𝑗 = 0, 𝑗𝑗 = 0,1, … ,29 
71.77** 136.34** 106.98** 112.36** 68.11** 3.84 
H2: CD-production function 
𝛽𝛽𝑡𝑡𝑡𝑡 = 𝛽𝛽𝑗𝑗𝑗𝑗 =  𝛽𝛽𝑗𝑗𝑗𝑗 = 0 
119.67** 222.09** 222.87** 129.91** 161.66** 25.00 
H3: Linear homogeneity 
(constant returns to scale) 
∑𝛽𝛽𝑗𝑗 = 1;  ∑𝛽𝛽𝑗𝑗𝑗𝑗 = 0 𝑓𝑓𝑓𝑓𝑃𝑃 𝑗𝑗 =
1,2,3,4 
98.57** 50.45** 111.33** 32.94** 55.77** 11.07 
H4: No Heteroscedasticity 
𝜌𝜌𝑗𝑗 = 0, 𝑗𝑗 = 1,2, … ,19 
67.05** 50.15** 39.76** 119.41** 97.22** 15.51 
H5: Homogenous tech. across 
sectors 685.51**  
†: Critical Value for H1 according to Kodde and Palm (1986), the other critical values are taken from the Chi-
squared-distribution. 
Significance levels: ∗∗/∗ denote significance-level of alpha at 5 and 10 % levels, respectively. 
Source: Author’s own calculation 
Table 3-4 displays the first order parameter estimates of the translog stochastic frontier 
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Table 3-4 Parameter estimates of the translog stochastic frontier model†. 
Parameters Meat Fruit & Vegetables Dairy Milling Bakery 
Meta 
frontier 
Constant - 0.084*** 0.061 0.080 0.080*** - 0.233*** 0.170*** 
Labor 0.274*** 0.072 0.257*** 0.226*** 0.223*** 0.085 
Raw Material 0.699*** 0.672*** 0.521*** 0.699*** 0.716*** 0.706*** 
Operating Cost 0.080*** 0.160 0.253*** 0.117*** 0.078*** 0.184*** 
Capital 0.012 0.088* 0.067 0.029* 0.080*** 0.128*** 
Time 0.024*** 0.021* 0.017 0.024*** 0.042*** 0.036** 
Export 0.058*** 0.035* 0.148*** - 0.071 0.103 0.085* 
0.5 × (log labor) 2 0.094 0.113* 0.266*** 0.369*** 0.324*** 0.437*** 
0.5 × (log raw material) 2 0.237* 0.269*** 0.179*** 0.215*** 0.381*** 0.435*** 
0.5 × (log operating cost) 2 0.079*** 0.181* 0.029 0.062*** 0.034*** 0.308*** 
0.5 × (log capital)2 0.067*** 0.064* - 0.019 - 0.005 0.020*** 0.116*** 
0.5 × (time) 2 0.013** 0.010 - 0.005 0.001 0.002 0.006 
log labor × log raw material - 0.031 - 0.120** - 0.070*** - 0.228*** - 0.361*** - 0.304*** 
log labor × log operating cost - 0.086 ** - 0.151* 0.035* - 0.060* 0.031 - 0.071 
log labor × log capital 0.028 0.069 - 0.076** 0.036 0.021 0.009 
log labor × time - 0.005 - 0.006 - 0.039*** 0.001 - 0.033*** - 0.029** 
log raw material × log operating cost - 0.067** 0.002 - 0.142*** - 0.055** - 0.060 - 0.113*** 
log raw material × log capital - 0.110*** - 0.124*** - 0.036** - 0.033 - 0.014 - 0.089*** 
log raw material × time  - 0.004 - 0.012 - 0.005 0.010 0.015* 0.001 
log operating cost × log capital 0.020 - 0.022 0.094*** 0.030* 0.004 - 0.046** 
log operating cost × time - 0.008 0.003 0.024** - 0.008 0.009** 0.002 
log capital × time 0.011 0.003 - 0.004 - 0.004 0.002 0.014* 
ln 𝜎𝜎𝑣𝑣 - 1.970 - 1.928 - 2.424 - 2.210 - 1.703  
γ 0.621 0.894 0.955 0.877 0.471  
Log Likelihood 131.261 43.513 85.491 168.297 423.883  
Significance levels: ***/**/* denote significance-level of alpha at the 1, 5, and 10 % levels, respectively.  
†: The parameters are evaluated at the sample mean. 
Source: Author’s own calculation 
The γ values indicate that there is a large share of inefficiency in the joint error-term for 
dairy, fruit & vegetables, and milling and low inefficiency in the meat and bakery 
sectors. Since the input variables are normalized with their respective means, the 
estimated coefficients in Table 3-4 can be interpreted as the partial output elasticities at 
the sample mean. At the sample mean, the models fulfil the monotonicity condition, 
since all parameter estimates are positive. The results correspond to the cost structure 
within the agribusiness industry, where the most important production factor is raw 
material, followed by labor, operating costs and capital.  
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The cost of raw materials shows high output elasticity in all sectors. The magnitudes of 
the elasticities vary from 0.71 for bakery to 0.52 for dairy firms. The results of the raw 
material elasticities are similar to other studies on processing food industries in India, 
the USA, and Ivory Coast (Singh et al. 2001; Roudaut, 2006; Ollinger, et al. 2005). 
Labor is the second most important production factor; it has a significant effect on all 
sectors with the exception of fruit & vegetables. The output-elasticity varies from 0.07 
for fruit & vegetables firms to 0.27 for bakery firms. The low output-elasticity of labor 
on fruit & vegetables firms is explained by the seasonality of the work: 73 % of workers 
are temporarily employed for four to six months per year (ODEPA, 2012). Additionally, 
firms in the fruit & vegetables sector use about the same amount of labor as meat firms; 
nevertheless, they produce 52 % less output. Therefore, the results point out that a 
further increase in the labor force (when it is already used intensively) does not 
significantly affect production. The coefficient of labor interacted with time is negative 
for dairy and bakery, indicating an overuse of this input factor in both sectors. This 
result is explained by the 80 % increase in the number of workers over the study period 
in dairy firms, and 18 % in bakery.  
Operating costs have a significant effect on all sectors, with the exception of the fruit & 
vegetables sector. The strongest effect is found on dairy firms (0.25) as a result of the 
intensive use of energy and fuels for the pasteurization and cooling of the dairy 
products. The coefficient of operating cost interacted with time is positive and 
significant for dairy and bakery firms, revealing that technological change saves 
operating costs.  
Capital has a significant effect on those sectors with lower capital endowment (fruit & 
vegetables, milling, and bakery), while it shows no effect on meat and dairy firms. This 
result suggests that when capital is not used intensively, it has a significant effect on 
firm productivity. The effect is also larger for fruit & vegetables and bakery firms, 
where the complexity of the production process and product design is greater. This 
indicates that capital investment in modern technologies is decisive for a higher degree 
of processing. A 10 % increase in capital would increase output between 0.1 % and 
0.9 %. This is in line with Singh et al. (2001) and Roudaut (2006), who also find similar 
effects from capital in agribusiness firms.  
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The parameter estimate of the time variable is interpreted as the rate of technical change 
(TC) at the sample mean. The parameters t and t2 are both positive and significant for 
meat, indicating that the rate of TC increased notably over time. The parameter t2 is not 
significant for the remaining sectors. The t coefficient for bakery firms denotes an 
average TC rate of 4 %. Fruit & vegetables and milling firms have similar TC rates of 
about 2 %, while dairy firms show no technological progress. The large TC and the 
positive elasticity of capital in the bakery sector is due to recent investments in fixed 
assets such as modern machinery and ovens to cope with the increasing prices of energy 
and flour (Fundacion Chile, 2007). Moreover, improvements in basic technologies for 
small and medium bakery firms will probably have a larger effect than in the other 
sectors.  
Interestingly, exports have a larger effect on sectors that have begun to export more 
recently (meat and dairy) and less on fruit & vegetable firms, which have constituted an 
established export sector since the 1980s. Exporting dairy firms are 14 % more 
productive than their counterparts; the effect of exporting is 5 % for meat firms and 3 % 
for firms operating in the fruit & vegetables sector.   
Table 3-5 shows the estimated parameters for the heteroscedasticity model: 
Table 3-5 Parameter estimates for the heteroscedasticity model. 
Parameter 
Coefficients 
Meat Fruit & vegetables Dairy Milling Bakery 
Constant - 3.178 *** - 1.871 *** - 0.871 *** - 1.854 *** - 3.292 *** 
Labor  0.028 - 0.070 0.719 ** 0.759 *** 1.233 *** 
Raw Materials  - 0.854 *** - 0.919 *** - 0.695 *** - 0.925 *** - 1.454 *** 
Operating Costs 0.816 *** 0.557 - 0.064 0.328 ** 0.072 
Capital  - 0.137 0.326 0.506 *** 0.087 0.194 *** 
Share of skilled labor - 0.726 - 3.204 *** - 0.094 - 0.844 *** - 0.275 
Share of non-productive labor - 1.083 0.428 - 1.785 *** - 0.137 - 0.851 ** 
Contract manufacturer (0/1) 1.253 *** - 0.117 - 0.056 0.245 *** 0.708 *** 
Export fiscal incentives (0/1) - 2.800 *** 0.543 0.974 * - 0.491 * 0.909 *** 
∗∗∗ / ∗∗ / ∗ denote significance level of alpha at the 5 and 10 % levels, respectively. 
Source: Author’s own calculation 
The effect of the variables on the inefficiency term shows a similar direction in the five 
sectors: 
• Firms with a higher use of raw materials exhibit higher TE.  
• An increase in labor leads to lower TE in the dairy, milling, and bakery sectors.  
• Operating costs are also a source of inefficiency for meat and milling firms.  
• An increase in capital reduces TE in the dairy sector and to a smaller extent in bakeries. 
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Since capital is measured as capital stock minus accumulated depreciation, an increase 
in capital indicates investments in the production capacity. Therefore, this outcome 
points to organizational challenges when acquiring new equipment or machinery, 
leading to errors in the production flow in the short-run and hence a reduction in 
efficiency. Diaz and Sanchez (2008) find similar results in the Spanish manufacturing 
sector.  
The proportion of skilled labor in the production process increases TE in both fruit & 
vegetables and milling firms. Meanwhile, the share of non-productive labor increases 
TE in dairy and bakery firms. The firm management and sales workers appear to be 
more important in those two sectors. Processing food for other firms (contract 
manufacturing) unexpectedly decreases TE for meat, milling and bakery firms. It is 
assumed that contract manufacturers benefit from specialization and know-how of the 
production process. However, the gains from specialization vanish if the product range 
is too ample, because it increases possible sources for error in the production process. 
The fiscal incentives for exporting have mixed effects across the sectors. The incentives 
increase efficiency on meat and milling firms, but have a decreasing effect on efficiency 
in dairy and bakery firms.  
The estimated technical efficiencies for the group frontiers (TEG), the MTR, and the 
technical efficiency relative to the Metafrontier (TE*) are shown in Table 3–611. The 
results reveal that, on average, firms efficiently manage their own technology set (TEG). 
In particular, meat and bakery firms have lower standard deviations for TEG than the 
other sectors, implying less dispersion in their efficiency levels. The moderate average 
MTR indicates that there is an important share of firms within each sector requiring new 
technologies to increase productivity. Both MTR and TEG are combined into the 
technical efficiency measure against the Metafrontier (TE*); the highest average TE* is 
achieved by the meat and bakery sectors due to their high TEG and MTR.  A share of 
firms with low TEG and MTR in the milling, dairy, and fruit & vegetables sectors 
negatively affects the sectors’ performances. The results reveal that firms in Chilean 
agribusiness make efficient use of the technologies they have available, however 
substantial efficiency gains throughout the overall industry could come from the 
adoption of new technologies.  
 
11 Figure A 1 and Figure A 2 in the Appendix of this chapter show the distributions of TE and MTR. 
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Total Efficiency (TE*) 
Mean Std. Dev. Mean Std. Dev. Mean† Std. Dev. 
Meat 0.926 0.087 0.761 0.147 0.705 0.148 
Fruit & 
vegetables 0.850 0.142 0.712 0.197 0.607 0.199 
Dairy  0.859 0.168 0.739 0.171 0.629 0.181 
Milling 0.852 0.131 0.759 0.160 0.649 0.173 
Bakery 0.934 0.060 0.748 0.113 0.698 0.106 
†: Pairwise comparison by the Bonferroni test revealed significant differences between the sectors. We could not 
reject the null hypothesis for mean differences between meat and bakery, fruit & vegetables and dairy, and milling 
and dairy. All other mean values were statistically significantly different from each other. The pairwise tests are 
presented in Table A 3 in the Appendix of this chapter.  
Source: Author’s own calculation 
To investigate the share of firms that operate with increasing, constant or decreasing 
returns to scale (RTS), we approximated the z-values for the scale elasticities using the 
delta-method (Greene, 2008). We tested for constant RTS and classified observations 
with p < 0.05 as decreasing RTS and with p > 0.95 as increasing RTS (Table 3-7): 
Table 3-7 Scale-elasticities (SE) classification by sector. 
Indicator Meat Fruit & Vegetables Dairy Milling Bakery 
Observations with decreasing RTS (%) 0.0 18.4 3.1 4.8 0.8 
Observations with constant RTS (%) 24.6 42.4 24.2 26.7 16.8 
Observations with increasing RTS (%) 75.4 39.2 72.7 68.4 82.5 
Source: Author’s own calculation 
We find that the majority of firms within the defined sectors operate with increasing 
RTS, with the exception of fruit & vegetables. In this sector, about 20 % of the firms 
exhibit decreasing RTS. These companies operate with three times more workers and 
double the capital than the average firm in fruit & vegetables. Furthermore, the largest 
firms operating with diseconomies of scale can be related to the seasonality of 
production and its effect on the capacity utilization rate. ODEPA (2012) reports that the 
average utilization rate is 76 % during harvest season (four to six months) while 
throughout the rest of the year it decreases to 30 %. This has an adverse effect on larger 
firms with more installed capacity.  
Increasing RTS is also an incentive to grow by increasing firm size, or by mergers and 
acquisitions. Based on the share of firms with increasing RTS in four of the five sectors, 
we expect structural changes within the Chilean agribusiness (except for fruit & 
vegetables). 
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3.4.2 Sector performance 
In the following section we discuss the development of technical change (TC) and 
technical efficiency change (TEC) for each sector over time, displayed in Figure 3-2:  
Figure 3-2 TC and TEC development in the Chilean agribusiness 2002-200712. 
Source: Author’s own calculation 
 
The results in Figure 3–2a show that the meat sector has experienced a significant TC 
from almost no TC at the beginning of the period to 6 % through to the period end. The 
adoption of new technologies has contributed to increasing output (the average output 
per firm grew 33 % over the period) and taking advantage of economies of scale (this 
sector has the highest share of firms operating with increasing RTS.) However, the 
development of TEC displays a negative trend, indicating that - on average - TEG levels 
have decreased over time. This suggests that some firms are pushing out the frontier by 
acquiring more productive technologies, while others remain stagnant. Thus, the 
distance between stagnant firms and the advancing frontier becomes wider over time. 
Hadley (2006) and Jin et al. (2010) find similar results. The flattening out of the TEG 
distribution through time also supports this result. 
12 See also Figure A 3 and Figure A 4 in the Appendix for TE and TC development in levels. 
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Fruit & vegetables firms exhibited significant technical progress; the average rate of TC 
went from 1 % in 2001 to 7 % in 2007 (see Fig. 2b). The TC was mainly driven by 
small and medium firms, while large firms experience zero or even negative 
technological progress13. According to ODEPA (2012), firms which make the largest 
contribution to the aggregate output (canned and dehydrated producers) have 
technology that is older than ten years, while olive oil firms have very recent technology 
(less than five years). Furthermore, the largest firms operate with diseconomies of scale, 
which can be related to the seasonality of production as discussed in the previous 
section. The fruit & vegetables sector also displays a negative TEC over the period 
mentioned above, corresponding to the accelerated upward shift of the production 
frontier. All things considered, the moderate performance of the fruit & vegetables 
sector (TE*) is caused by a decrease in the efficiency levels and the largest firms show 
poor TC and low MTR. Finally, the results demonstrate that small and medium firms in 
the sector have developed dynamically, whereas large operators require improvements 
in efficiency management and technology. 
Dairy firms exhibit technological progress at a slightly decreasing rate, changing from 
5 % to 2 % between 2001 and 2007 (Fig. 2c). The results also reveal that TC decreases 
as firm size increases, indicating that the main drivers of TC are small and medium 
firms. These firms are mainly non-exporters and exhibit an average TC of 5 % per year, 
whereas the largest firms (exporters) have no technological progress.  This is because 
the largest dairy firms underwent significant technological improvements before the 
observed period, during the 1990s, after dairy multinationals (Nestlé, Fonterra and 
Parmalat) entered the Chilean market (Torrealba, 1999).  Consequently, the results 
show that small and medium dairy processors are forced to improve their technologies 
to remain competitive in the market. 
The results indicate that the TC development in the milling sector is more stable in 
comparison to the previously mentioned sectors, about 2 % annually (Fig. 2d). 
Interestingly, in this sector the TEC shows a positive shift from -2 % to 3 % within the 
period analyzed, which suggests that a constant and stable technological progress allows 
firms to focus on improving the efficiency. Milling firms also have higher MTR than 
their counterparts in the dairy and fruit & vegetables sectors. Consequently, the simple 
and standardized production technology in the milling sector leaves little room for large 
13 Figure A 5 and Figure A 6 in the Appendix provides information on the TC and MTR with respect to 
firm size. 
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differences in the individual technical inefficiencies.   
Bakery firms show a continuous and stable TC of 3 % per year, whereas TEC exhibits a 
modest development from -5 % to 1 % over the study period (Fig. 2e). The bakery 
sector is highly fragmented, with a large number of buyers and sellers, and thus 
produces a tight market. This explains the efficient management of the current 
technology (TEG) by most firms, which finally contributes to a high TE* average. The 
sector performance is also influenced by the share of firms operating at increasing RTS. 
These findings indicate that the competitive market structure has contributed to the 
development and overall performance of the sector. 
3.4.3 Performance of exporting sectors and firms 
In this section we focus on the sectors with the highest share of exporting firms: fruit & 
vegetables, meat, and dairy. We present and discuss descriptive statistics on exporting 
firms and then compare the development of TE between exporting and non-exporting 
firms. 
Table 3-8 Share of exports and output of the largest firms. 
Sector 
Export share of 
the four largest 
firms (%) 
Output share of 
the four largest 
firms in the 
sector (%) 
Average share of 
exports in firm's 
total output (%) 
Average output 
(CLP$ 10 Mio.) 
Exporters Non-exporters 





54 882 374 
Dairy 95 83 1 5,610 572 
Source: Author’s own calculation 
The data in Table 3-8 confirm that exports are dominated by a small number of firms. 
Concentration is high in the dairy sector, where the four largest firms export 95 % of the 
aggregate exports and 83 % of the sectoral output. In comparison, the meat and fruit & 
vegetables sectors exhibit a moderate concentration of exports and domestic sales. 
Empirical studies of firm heterogeneity and trade also point out that exporters often only 
export a small share of their output (Bernard et al., 2007). In the Chilean agribusiness, 
this is valid for the dairy and meat sectors. Nevertheless, fruit & vegetable firms export, 
on average, 54 % of their output. The last column in Table 3-8 also confirms previous 
findings that exporters tend to be larger than non-exporters. 
Figure 3–3 presents the development of technical efficiency in exporting and non-
exporting firms within the observed period of study. 
66 
Technical efficiency in the Chilean agribusiness – a Stochastic Metafrontier Approach  
Figure 3-3 TEG development for exporting and non-exporting firms in the Chilean 
agribusiness, 2001-2007. 
Source: Author’s own calculation 
The results show substantial differences with respect to technical efficiency between 
exporting and non-exporting firms. 
a) In the meat sector, exporting firms exhibit consistently higher TEG levels in 
comparison to non-exporting firms. This corresponds with the recent export 
orientation of the sector and the exposure to international competition. At 
regional and international markets, Chile competes with its neighboring 
countries: Brazil, Argentina, and Uruguay, which are among the world's largest 
meat exporters. These results are consistent with Melitz's approach (2003) which 
states that the most productive firms are more likely to export. 
b) Similarly, in the fruit & vegetables sector, exporting firms have higher 
efficiency levels from the beginning of the observed period until 2004. 
However, in 2005 the non-exporting firms catch-up to the exporters and by the 
end of the period under scrutiny, both groups exhibit the same level of 
efficiency. This catching-up effect also reveals the ‘technological spill-over’ 
effect stemming from the export oriented firms, as previously observed by 
Fleming and Abler (2013) in Chilean agriculture. 
c) The results of the dairy sector are unexpected; the level of TEG is the same at the 
beginning of the period for exporting and non-exporting firms when Chile was 
still a net importer of dairy products. After 2002, exporting firms show lower 
TEG levels than their counterparts, creating a constant gap between the groups. 
The average efficiency level of the four largest firms is 0.75 whereas the 
remaining firms average 0.88. The heteroscedasticity model supports this 
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finding and shows decreases in technical efficiency for firms with large capital 
endowment and fiscal incentives for exporting (see Table 3-5). These results are 
not consistent with Meltiz's approach. In this case, it appears that large dairy 
exporters are taking advantage of their market power. Fahlbusch (2014) reports 
that the New Zealander multinational, Fonterra, has a moderate degree of market 
power in most export destinations and is able to charge an optimal mark-up of 
about 8 % of the price. Finally, the results reveal that the benefits from exporting 
have not yet been transferred to non-exporting firms because of the market 
structure of the dairy sector. 
3.5. Conclusions 
The agribusiness industry is one of the most important sectors in Chile. However, 
studies on efficiency and analysis on a disaggregated level are scarce. In this study, we 
make use of firm panel data to analyze their technical efficiency and determine which 
sectors use resources efficiently and the impact of international trade therein. We use 
the Metafrontier approach to compare the technical efficiency between sectors and 
determine different potential sources of inefficiency. Based on our knowledge, there has 
been no previous investigation at this level of disaggregation using MF. We find several 
important results that are relevant for the Chilean agribusiness. 
In general, the results support theoretical models, suggesting that the heterogeneity in 
structure and production characteristics defines sectoral performance and the magnitude 
of effects of exposure to international trade. The results also reveal that an average 
performance measurement for the whole Chilean agribusiness industry can be 
misleading since the performance, structure, and development differ among the sectors. 
 Exporting sectors show a more dynamic development with respect to technical change 
and technical efficiency, for instance, the meat sector has been the most efficient 
coinciding with its recent export orientation. Technological change in this sector was 
the highest among all five sectors, which also brought advantages in the exploitation of 
economies of scale. The results of the fruit & vegetables sector show that large 
companies being less efficient and innovative hampers the productivity of this sector. 
Nevertheless, small and medium non-exporting firms improve the average performance 
of the sector catching up on the efficiency levels of their counterparts. Furthermore, we 
find strong evidence that the structure of the dairy sector prevents the transfer of the 
benefits of international trade to non-exporting firms. The milling and bakery sectors 
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have more stable technological progress than the previously mentioned sectors; 
however, they can still achieve the same level of efficiency as the exporting sectors due 
to strong competition in the domestic market. 
The results of the overall industry reveal that the sectors are efficient with respect to the 
technologies they currently use. However, if they were to further improve their 
technologies, significant gains in efficiency could be made. The Chilean agribusiness 
firms, except for fruit & vegetable firms, operate at suboptimal size; this implies that 
they can further exploit economies of scale. Furthermore, the sectors exposed to 
international trade achieve higher rates of technological progress than those that trade 
mostly domestically. We find evidence that exposure to international trade contributes 
to a better utilization of current technologies if firms operate under strong competition. 
Finally, imperfect competition within a given sector creates efficiency losses even if 
international trade is occurring. Finally, if Chile wants to position itself on the global 
market as a food power, it should further develop competitive advantages in its 
agribusiness industry and improve current technologies. 
We acknowledge that the economic development of Chile (especially its copper-
industry) and the development of the Chilean Peso certainly affect the competitiveness 
of the agribusiness sector, especially for the export-oriented sectors. However, the time 
horizon of this data set is too short to create strong evidence on the interaction of firm 
efficiency and the Peso-US Dollar exchange rates. Further research on this topic will 
require a longer study period to analyze these potential effects. 
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Appendix 
Figure A 1 Distribution of technical efficiency (TEG) scores by sector for 2001, 
2004 and 2007. 
 
Source: Author’s own calculations 
 
Figure A 2 Distribution of the meta-technology ratio (MTR) scores by sector for 
2001, 2004 and 2007. 
Source: Author’s own calculations  
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Table A 3 Bonferroni test for TE* pairwise mean comparison. 
 Meat Fruit & vegetables Dairy Milling 
Mean differences, p-value in italics 
Fruit & vegetables - 0.10 
   
 
0.00 
   





     Milling - 0.06 0.04 0.02 
 
 
0.00 0.00 1.00 
 
     Bakery - 0.01 0.09 0.07 0.05 
 
1.00 0.00 0.00 0.00 
H0: means between groups are equal.  
Bartlett's test for equal variances among all groups:  χ2 = 376.95  p-value: 0.00 
Source: Author’s own calculations 
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Figure A 3 Average TEG by sector in the Chilean agribusiness 2001-2007. 
 
Source: Author’s own calculations 
 
 
Figure A 4 Average TC by sector in the Chilean agribusiness 2001-2007. 
 
Source: Author’s own calculations 
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Figure A 5 TC with respect to firm size in the Chilean agribusiness.  
 
Source: Author’s own calculations 
 
Figure A 6 MTR with respect to firm size in the Chilean agribusiness.  
 
Source: Author’s own calculations 
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Previous studies of the industrial organization field find that the relationship 
between firm performance and growth is weak. The objective of this paper is to test 
this relationship at different points of the distribution of firm growth. We also explore 
the impact of technology gaps and export status on growth. For this, we use Penalized 
Quantile Regression with Fixed Effects on a panel data of 420 Chilean agribusiness 
firms. Key results show that firm performance, measured as technical efficiency, has a 
significant and heterogeneous impact on firm growth, and that the effect is stronger on 
slow growing firms. Participation in international trade further increases even more 
positive growth rates. Hence, it then becomes relevant for researchers in the industrial 
organization field to use indicators for firm performance which capture the entirety of 
the production process. Furthermore, the non-linearity of the relationship between 
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4.1 Introduction 
Different theoretical perspectives identify the individual features of fitness, efficiency, 
or productivity of firms as being determinant on explaining structural change, economic 
growth, and international trade (Nelson and Winter, 1982; Jovanovic, 1982; Melitz, 
2003). Broadly, these theories suggest that these individual features enable firms to 
outperform their peers and determine their development over time. The economic 
benefits at the aggregated level arise from the mechanism of reshuffling resources 
within and between firms. Additionally, there is ample evidence that exposure to 
international trade speeds up this reallocation process, and thus increases the dynamics 
in an industry (see the reviews in Rodrik, 1995 and Ciuriak et al., 2014).  
Industrial organization studies use diverse measures of firm performance to incorporate 
it as a determinant for firm growth. The most common measure is financial 
performance. This surges from the hypothesis that under imperfect capital markets, 
higher financial performance increases the probability that a firm will survive and also 
expand operations. Empirical studies have used the firm's market value or Tobin's q 
ratio as an indicator (Lang and Stulz, 1993; Wernetfelt and Montgomery, 1988), as well 
as cash flow (Oliveira and Fortunato, 2006; Fagiolo and Luzzi, 2006; Guariglia et al., 
2011) and profitability (Coad, 2007; Geroski et al., 1997; Goddard et al., 2002). Recent 
studies have focused on estimating the effect of labor productivity, as a proxy for firm 
performance, on firm growth. For instance, Heshmati (2001) analyzes the effect of labor 
productivity on employment and asset growth of Swedish firms. He finds that the 
magnitude of the effect is, although statistically significant, negative and rather small: – 
0.0001 for both estimations. Gardebroek et al. (2010) find evidence that a 1 % increase 
in labor productivity barely leads to 0.11 % growth in assets and 0.29 % growth in labor 
force for dairy processing firms in Europe. Similarly, Bottazzi et al. (2010) measure the 
effect of labor productivity on sales growth in Italian and French manufacturing firms. 
They find a statistically significant effect, but the magnitude of the effect is small, i.e.: 
0.23 % for the meat and 0.2 % for the dairy sector. Based on the previous results, 
Bottazzi et al. (2010) conclude that the relationship between firm performance and 
growth is “actually very weak”. 
This study proposes technical efficiency (TE) as an alternative indicator of firm 
performance. Technical efficiency measures the ratio of observed output to the 
maximum feasible output from a given set of inputs and a specific technology 
(Kumbhakar and Lovell, 2000). Thus, TE reveals the performance of individual firms 
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relative to their peers (competitors) in the sector. This is crucial because in the praxis, 
firms compare their business and practices against their competitors to gain market 
shares; particularly against those firms operating close to the production frontier or “the 
best performers”. If a firm is not technically efficient, TE provides a measure of the 
shortfall of the observed output from the maximum feasible output in the sector and the 
potential causes for this shortfall (Kumbhakar and Lovell, 2000). When TE is estimated 
using Stochastic Frontier Analysis (SFA), this shortfall can be decomposed into 
technical inefficiency and statistical error. We use this approach to estimate TE as a 
measure for firm performance and hypothesize that it has a positive effect on firm 
growth.  
Differences in the performance of firms also arise from differences in the firms' 
production environment. Firms within the same industry may face different production 
opportunities with respect to the settings of the physical, social, or economic 
environment in which their production occurs (O’Donnell et al., 2008). The 
conventional measures of technical efficiency do not capture these effects. Battese et al. 
(2004) and O’Donnell et al. (2008) developed the Metafrontier framework to estimate 
the technology gaps for producers under different technology sets. This provides a 
measure of the shortfall between the observed outputs for producers under different 
technologies relative to the potential output defined by the industry as a whole. 
Furthermore, it provides a decomposition of this shortfall into group specific technical 
efficiency and technology gaps. We assume that shortening the technology gaps with 
respect to the maximum output in the industry would indicate that firms are improving 
their technology relative to their peers. This may contribute to an increase in output14, 
and presumably increased revenue. 
Additionally, we consider the effect of export status on revenue growth. Exporters tend 
to be larger, more productive firms, paying higher wages with more skilled workers 
than firms only producing for the domestic market (Bernard et al., 2007). These features 
allow exporters to adjust more rapidly to changing market conditions and cope with 
intensive competition at the domestic and international level. Moreover, trading in 
international markets expands the market size in which firms sell their products. This 
can contribute to an increase in the growth rates of exporters.  
Previous studies have focused on determining the effect of the independent variables on 
the mean of firm growth. However, recent literature has shown that the distribution of 
14 Or alternatively, to produce the same output using less input.  
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firm growth has a leptokurtic shape and heavy-tails, similar to a Laplace distribution, 
and that this feature holds across most growth indicators (for a review see Coad, 2009). 
If the firm growth distribution has more observations located at the extreme of the tails 
than a normal distribution, it seems rather implausible that the covariates have a 
constant effect over the entire distribution. Furthermore, it is of interest for decision 
makers to know the effect of firm performance or technology gaps, especially on firms 
facing negative or low growth rates. In this context, the present study explores whether 
the effect of the covariates is heterogeneous over the entire distribution of firm growth. 
To answer this question, we use the Penalized Quantile Regressions with Fixed Effects 
(PFEQR) for panel data proposed by Koenker (2004), and provide a comparison with 
the Ordinary Least Square (OLS) and Within Groups (WG) estimations. 
We focus our analysis on Chile because it was one of the first Latin American countries 
to implement a profound process of trade liberalization with an export-oriented strategy. 
These adjustments combined with its comparative advantage have allowed the 
agribusiness industry to become the second biggest exporting industry in the country. 
Nowadays this industry represents 24 % of the Gross Domestic Product (ODEPA, 
2011). Furthermore, openness to trade means more competition, higher investment, and 
productivity growth (Pavcnik, 2002; OECD, 2010). Thus, we expect the agribusiness in 
Chile to provide the conditions of a very competitive market, where firms are forced to 
allocate resources efficiently and have low costs to compete for market share. In this 
study, we center our analysis on the largest sectors within the Chilean agribusiness: 
meat, fruit & vegetables, dairy, milling, and bakery. These sectors account for 71 % of 
total agribusiness firms in 2007 and 46 % of the industry revenue (INE, 2007).  
This study aims to improve our understating of the empirical relationship between firm 
performance and firm growth and whether this relationship is constant across the 
distribution of growth. In this context, we analyze 420 Chilean agribusiness firms over 
the period 2001 to 2007 by means of the Penalized Quantile Regressions with Fixed 
Effects (PFEQR) regression. 
This paper is organized as follows. Section 4.2 describes the data and econometric 
methods. Section 4.3 presents the results of the estimation and provides a comparison 
with other approaches. Finally, section 4.4 summarizes the results and provides the 
implications of the findings. 
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4.2 Methods 
To examine the effect of performance and other covariates on firm growth, we use a 
two-stage estimation. In the first stage, we apply the Metafrontier approach to estimate 
Technical Efficiency (TE) and the meta-technology ratios (MTR) for each firm. In the 
second step, we use these estimates to test their effect at different points of the 
conditional distribution of firm growth using the Penalized Fixed Effects Quantile 
Regression (PFEQR) proposed by Koenker (2004).  
4.2.1 Estimating technical efficiency (TE) and meta-technology ratio (MTR) 
This section summarizes the method applied to estimate TE and MTR. We use the 
Metafrontier model within the Stochastic Frontier Analysis (SFA) developed by Battese 
et al. (2004) and O'Donnell et al. (2008). This approach provides a framework to 
estimate the deviations between the observed outputs and the group or sector frontiers, 
and between the observed outputs and the Metafrontier (or industry frontier) as a single 
data-generating process.  
We define a separate stochastic production frontier for each sector as follows: 
𝑦𝑦𝑖𝑖𝑡𝑡 = 𝑓𝑓(𝑥𝑥1𝑖𝑖𝑡𝑡 , 𝑥𝑥2𝑖𝑖𝑡𝑡 , … 𝑥𝑥𝐾𝐾𝑖𝑖𝑡𝑡;  𝛽𝛽𝑠𝑠) ∗ 𝑒𝑒𝑥𝑥𝑝𝑝{𝑣𝑣𝑖𝑖𝑠𝑠 − 𝑢𝑢𝑖𝑖𝑡𝑡𝑠𝑠 } ,                                                          (4.1) 
where output 𝑦𝑦𝑖𝑖𝑡𝑡 is the revenue from manufacturing of the i-th firm in the s-th sector at 
time t; 𝑥𝑥𝐾𝐾𝑖𝑖𝑡𝑡 is the k-th input (k= 1,2,…, K)  and a dummy variable for exporting firms. 
The functional form 𝑓𝑓(∙) is specified as a translog function. 𝛽𝛽𝑠𝑠 represents a vector of 
parameters to be estimated, associated with the s-th sector. The first error term 𝑣𝑣𝑖𝑖𝑠𝑠 is 
defined as a pure random error independently and identically distributed as 𝑁𝑁(0, 𝜎𝜎𝑣𝑣2) 
(Aigner et al., 1977). This term captures random events that are not under the control of 
the producers. 
The second error-term 𝑢𝑢𝑖𝑖𝑡𝑡𝑠𝑠  is a systematic and nonnegative random variable for the i-th 
firm (Schmidt and Sickles, 1984); this error term is used to measure the managerial 
inefficiency and factors under the firm’s control which contribute to the shortfall from 
the maximum feasible output in the given sector. We assume a half normal distribution 
for the inefficiency term,  𝑢𝑢𝑖𝑖~𝑁𝑁+ �0, 𝜎𝜎𝑢𝑢𝑖𝑖𝑖𝑖𝑠𝑠 �, and allow for heteroscedasticity of the 
inefficiency term by modelling 𝜎𝜎𝑢𝑢𝑖𝑖𝑖𝑖𝑠𝑠 = exp (𝑧𝑧𝑗𝑗𝑖𝑖𝑡𝑡𝜌𝜌𝑗𝑗) as in Wang and Schmidt (2002). The 
Z vector comprises the j-th variables, such as the inputs and other potential drivers of 
technical efficiency. Details on the variables used to model the inefficiency term are 
presented in Chapter 3, Section 3.4 of this thesis.  
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The output oriented measure of TE for any individual i-th firm with respect to the sector 
frontier is given by: 




𝑓𝑓(𝑥𝑥𝑖𝑖𝑖𝑖;𝛽𝛽𝑠𝑠) exp( 𝑣𝑣𝑖𝑖𝑖𝑖 −𝑢𝑢𝑖𝑖𝑖𝑖 )
𝑓𝑓(𝑥𝑥𝑖𝑖𝑖𝑖;𝛽𝛽𝑠𝑠) exp�𝑣𝑣𝑖𝑖𝑖𝑖
𝑠𝑠 �
= exp(−𝑢𝑢𝑖𝑖𝑡𝑡𝑠𝑠 )  ∈  [0,1]                                              (4.2) 
TE takes values between zero and one. A firm achieves its maximum feasible output 
only if TE = 1. If TE < 1, it provides a measure of the shortfall of the observed output to 
the maximum feasible output in that sector. 
The MTR estimation is based on the Metafrontier approach proposed by Battese et al. 
(2004) and O’Donnell et al. (2008). The Metafrontier is a function that envelops the five 
sector frontiers: meat, fruit & vegetables, dairy, milling, and bakery. This enables the 
estimation of the gap between the individual sector frontiers and the Metafrontier, 





                                                                                                      (4.3) 
The MTR is defined as the ratio of output for the i-th firm in the s-th sector relative to 
the potential output defined by the Metafrontier function (Battese et al., 2004). Thus, the 
MTR is an index which lies between zero and one and reflects the technology gap with 
respect to the industry. 
4.2.2 Estimating the Penalized Quantile Regression with Fixed Effects 
(PFEQR) 
In this section we describe the method used to test the effect of the covariates, TE, 
MTR, and export status on firm growth. Classical linear regression methods enable us to 
estimate the effect of the covariates by changes in the mean of the response variable 
distribution. These estimations are based on the assumption that the variance of the 
error term is the same for all combinations of outcomes of the explanatory variables 
(Wooldridge, 2002). If this assumption is violated, consistent standard errors can be 
provided by specific econometric techniques. However, for certain specific cases there 
is an interest in exploring the effect of the covariates on the location and scale 
parameters of the response distribution. In this context, the quantile regression model 
proposed by Koenker and Basset (1978) provides a mechanism to estimate the location 
and scale effect of the covariates across the entire distribution of the dependent variable, 
without imposing assumptions on their relationship. For instance, if the variance of the 
error is non-constant, the conditional quantiles will have different intercepts and slopes. 
If the variance of the error is constant, the conditional quantiles are parallel lines with 
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different intercepts. Thus, this method provides a nuanced analysis of the relationship 
between the independent and dependent variables. The quantile regression approach has 
been recently extended for the context of panel data analysis. Koenker (2004) 
introduces the Penalized Quantile Regression with Fixed Effects (PFEQR) regression, 
which is employed in the present work. 
The model tested in the present study is represented by the following equation: 
𝑄𝑄𝑅𝑅𝑒𝑒𝑣𝑣𝑒𝑒𝑛𝑛𝑢𝑢𝑒𝑒 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡ℎ𝑖𝑖𝑖𝑖(𝜏𝜏|𝑥𝑥𝑖𝑖𝑡𝑡−1, 𝛼𝛼𝑖𝑖) = 𝑥𝑥𝑖𝑖𝑡𝑡−1
𝑇𝑇 𝛽𝛽(𝜏𝜏) + 𝑇𝑇(𝜏𝜏) + 𝑙𝑙(𝜏𝜏) + 𝛼𝛼𝑖𝑖 + 𝑢𝑢𝑖𝑖𝑡𝑡                      (4.4) 
where 𝜏𝜏𝑗𝑗 is a quantile in (0,1) and 𝑄𝑄𝑅𝑅𝑒𝑒𝑣𝑣𝑒𝑒𝑛𝑛𝑢𝑢𝑒𝑒 𝐺𝐺𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡ℎ𝑖𝑖𝑖𝑖  is the conditional quantile of the 
revenue growth rate from manufactured products for the i-th firm at time t. The term 𝑥𝑥𝑖𝑖𝑡𝑡  
is a vector of covariates for the i-th firm at time t-1. These covariates are technical 
efficiency (𝑇𝑇𝑇𝑇𝑡𝑡−1), the meta-technology ratio (𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1), and a dummy variable for 
exporting (Exp). The lagged structure of equation (4.4) implies that previous levels of 
TE, MTR, and exporting explain the growth rate of revenue in the next time period. In 
addition, we include a linear time trend (T) and sector (S) dummies to control for time 
and sector effects; the base group is the meat sector. The 𝛽𝛽(𝜏𝜏) parameter allows for 
testing the effect of each covariate in the specified (𝜏𝜏) quantile of revenue growth. The 
term αi captures unobserved heterogeneity that is time-constant and firm specific; for 
example, proximity to major markets. We follow Koenker (2004) and assume that these 
individual effects cause a location shift between the conditional quantiles of revenue. 
The term 𝑢𝑢𝑖𝑖𝑡𝑡 refers to the idiosyncratic error or time-varying error. 
Koenker (2004) proposes to solve equation (4.4) simultaneously for several quantiles by 
means of linear programming, as follows: 
min𝛽𝛽,𝛼𝛼 ∑ ∑ ∑ 𝜔𝜔𝑗𝑗𝜌𝜌𝜏𝜏,𝑗𝑗(𝑦𝑦𝑖𝑖𝑡𝑡 − 𝑥𝑥𝑖𝑖𝑡𝑡−1′ 𝛽𝛽 − 𝛼𝛼𝑖𝑖) + 𝜆𝜆𝑃𝑃𝑒𝑒𝑙𝑙 ∑ |𝛼𝛼𝑖𝑖|𝑁𝑁𝑖𝑖=1𝑁𝑁𝑖𝑖=1𝑇𝑇𝑡𝑡=1
𝐽𝐽
𝑗𝑗=1                           (4.5) 
where 𝜌𝜌𝜏𝜏𝑗𝑗(𝑢𝑢) = 𝑢𝑢(𝜏𝜏𝑗𝑗 − 𝐼𝐼(𝑢𝑢 < 0)) is the quantile loss function, 𝜔𝜔𝑗𝑗 is the weight given 
to the  j-th quantile and 𝜆𝜆 is the tuning parameter. We follow the standard practice in the 
quantile regression literature estimating the covariate effects at five quantiles 𝜏𝜏 =
{0.10, 0.25, 0.50, 0.75, 0.90}; we weighted the quantiles as 𝜔𝜔 =  1 𝑗𝑗.⁄  The standard 
errors are estimated by bootstrapping with 5,000 replications. 
The estimation of the individual effect αi markedly increases the variability of the 
estimates. To solve this, Koenker (2004) proposes the use of a penalty term ℓ1 to reduce 
the variability of the estimates, and the tuning parameter λ to control the degree of 
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shrinkage. Thus as  𝜆𝜆 → ∞, the impact of the shrinkage penalty grows and the vector of 
individual effects shrinks towards zero, also decreasing the variability of the estimates. 
Nevertheless, the selection of 𝜆𝜆 remains unclear; 𝜆𝜆 is arbitrarily chosen. In the next 
section we explain how we determine the optimal value of the tuning parameter 𝜆𝜆 for 
our model. 
Under i.i.d. error, the coefficients of the PFEQR are vertical shifts of one another with 
different intercepts. While under non-i.i.d. errors, the quantiles exhibit a location and a 
scale shift. To test this, we use the modified Breusch-Pagan test, which has an 
asymptotic χ2 distribution. Its null hypothesis is Ho: σi2 = σ2. Finally, we also estimate 
an ordinary least squares regression (OLS) and a Within Groups (WG) regression to 
compare results. We also test for potential endogeneity of 𝑇𝑇𝑇𝑇𝑡𝑡−1 and 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1 based on 
the Hausman Test. 
4.2.3 K-fold cross validation 
By means of the k-fold cross validation, we evaluate the performance of the PFEQR 
method under different values of λ. This analysis is based on how well the predictions 
match the observed data for each value of λ, and the value for which we obtain the 
minimum error.  
For this, we split the sample into ten non-overlapping k- or validation-sets. In parallel, 
we generate ten training sets which contain the remaining k-1 observations. We estimate 
the model in equation (4.4) for each training set and obtain the quantile regression 
coefficients. The preceding coefficients are used to make the predictions and we 
calculate the weighted sum of absolute residuals (WSR) as in equation (4.2) for each 
observation in the validation sets. The sum of the WSR for the ten validation sets is the 
so-called cross validation (CV) error: 
𝐶𝐶𝐶𝐶 =  1
𝑗𝑗
∑ 𝑊𝑊𝑙𝑙𝑀𝑀𝑗𝑗𝑖𝑖=1                                                                                                  (4.6) 
We compute the CV error as in equation (4.6) for values of λ from zero to 500 with 
intervals of 0.1 Figure 4-1presents the results for λ values from 0.1 to 10. We can 
observe that the CV error decreases as λ increases, and then flattens out. The minimum 
error is obtained when λ = 2.2, indicated in Figure 4-1 with a cross. Therefore, we 
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Figure 4-1 Cross validation error corresponding to λ values. 
 
Source: Own elaboration. 
 
4.3 Data 
We use data from the ‘Annual National Industrial Survey (ENIA)’, which was 
conducted between 2001 and 2007 by the National Institute of Statistics in Chile (INE). 
The ENIA surveys the full population of manufacturing establishments with 10 or more 
employees (INE, 2007), based on information provided by the Internal Revenue 
Service. The data set covers the manufacturing of food products (division 15 of the 
International Standard Industrial Classification (ISIC)). The divisions are defined by the 
United Nations (2002) based on similarities in (i) produced goods, (ii) the uses to which 
the goods are put, and (iii) the inputs, the process, and the technology of production. 
Finally, firms are classified according to the production activity, which accounts for 
most of the value added. The data set consists of 2,940 observations. However, the 
structure of the model with lagged covariates causes the loss of one observation for each 
firm. Consequently, we lose 420 observations and the analysis is based on 2,520 
observations. Table 4-1 shows the final structure of data set by sector. 
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Table 4-1 Number of observation by sector in the data set. 
ISIC Classes Observations Firms Description of the sectors 
1511 258 43 Production, processing and preserving of meat and meat products 
1513 186 31 Processing and preserving of fruit & vegetables 
1520 138 23 Manufacture of dairy products 
1531 372 62 Manufacture of grain mill products 
1541 1,566 261 Manufacture of bakery products 
 2,520 420 Total 
Source: Author’s own calculation 
Descriptive statistics from the sample are presented in Table 4-2. Our dependent 
variable, revenue growth, is derived from the first difference in the logarithm of 
revenue. Revenue is measured as sales from manufactured products in Chilean Pesos. 
The values of this variable were deflated and are in constant prices of the year 2007. 
The mean value for revenue growth rate is 2 % per year. However, its standard 
deviation is remarkably large, 20 %. The variables 𝑇𝑇𝑇𝑇𝑡𝑡−1 and 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1 were rescaled so 
that a score of 100 indicates the maximum feasible technical efficiency and meta-
technology ratio, while zero indicates the minimum. The variable 𝑇𝑇𝑇𝑇𝑡𝑡−1 denotes the 
individual technical efficiency of each firm relative to its peers within the sector and its 
mean is 91. The 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1 represents the technology gap between the sectors with respect 
to the whole industry and has a mean of 75. The dummy variable for exporting is equal 
to one if the firm exports and it shows that about 10 % of the firms are exporters. 
However, most exporters operate in the meat, fruit & vegetables, and dairy sectors.  
Table 4-2 Description of the variables. 
Variables Mean Min Max Standard  Deviation 
Revenue (CLP$ 10 Mio.) 426.94 0.65 22,200.00 1,420.00 
Revenue Growth   0.02 - 0.98 1.17 0.20 
𝑇𝑇𝑇𝑇𝑡𝑡−1 (0 ‒ 100) 91.06 16.87 99.94 9.89 
𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1 (0 ‒ 100) 75.00 12.31 99.99 13.43 
Exp (0/1) 0.10 0.00 1.00 0.30 
Years 3 1 6 - 
Vector of sector dummies     
Source: Author’s own calculations 
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Figure 4-2 illustrates the quantiles of revenue growth rates. The data shows that firms at 
the 0.90 quantile of the distribution exhibit an average revenue growth of about 23 %. 
On the contrary, firms belonging to the 0.10 quantile show negative growth rates of 
18 % on average. The average revenue growth at the 0.25, 0.50 and 0.75 quantile is – 
6 %, 2 % and 11 %, respectively. 
Figure 4-2 Quantiles of the dependent variable, revenue growth rates.  
 
 
4.4 Results  
In this section, we present the results of the estimation of equation (4.4) by means of the 
PFEQR and provide a comparison with the other econometric estimations, OLS and 
WG. The results of the TE and MTR estimates are presented and described in detail in 
Chapter 3, Section 3.4 of this thesis.  
 The estimated coefficients shown in Table 4-3 reveal substantial differences in the 
magnitude and significance of the coefficients. The results of the OLS estimation 
indicate that only 𝑇𝑇𝑇𝑇𝑡𝑡−1 and the dummy for dairy firms have a statistically significant 
effect on revenue growth. Similarly, the results of the WG estimation suggest that the 
variable 𝑇𝑇𝑇𝑇𝑡𝑡−1 and the time trend are statistically significant and positive; the latter 
indicates that firm growth has an upward trend over time. The variable 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1  shows 
no impact on revenue growth when its effect is measured by either OLS or the WG 
estimation. The PFEQR estimates reveal that the effect of 𝑇𝑇𝑇𝑇𝑡𝑡−1 on revenue growth 
ranges from 1.2 to 0.36 %. Furthermore, 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1 shows a significant effect at the 0.10 
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quantile and at the median of revenue growth. Additionally, exporting has a statistically 
significant impact at the 0.90 quantile. 
The presence of heteroscedasticity in the error term is the primary reason for having 
differences in the magnitude of coefficient estimates at the different quantiles of the 
dependent variable. The result of the Breusch-Pagan Test for heteroscedasticity 
indicates that the variance of the error depends on the values of some of the explanatory 
variables, χ2 (1) = 159, p-value < 0.001. We also tested for potential endogeneity of 
𝑇𝑇𝑇𝑇𝑡𝑡−1 and MTRt−1 by means of the Hausman Test. Endogeneity could arise if there is 
reverse causality between revenue growth, 𝑇𝑇𝑇𝑇𝑡𝑡−1 and MTRt−1. However, the Hausman 
Test fails to find any evidence of endogeneity, F (2, 2511) = 36.96, p-value < 0.001. 
The results of the PFEQR regression in Table 4-3 show that time effects are positive 
and significant for the 0.25, 0.50, and 0.75 quantile of firm growth. This implies that the 
growth rates have a positive trend over time at those specific quantiles. Furthermore, the 
dummy variables for the sectors are also significant. Since the base group is the meat 
sector, the results indicate that, holding constant all other variables, dairy firms have 
higher growth rates in revenue than meat firms at almost all quantiles (0.10, 0.25, 0.50 
and 0.90). Milling firms also show higher changes in revenue at the 0.75 and 0.90 
quantiles when compared to meat firms. Meanwhile, bakery firms at the 0.75 quantile 
grew significantly less than meat firms. 
The results also reveal that technical efficiency does not have a homogenous effect on 
revenue growth. The magnitude of the 𝑇𝑇𝑇𝑇𝑡𝑡−1 coefficient decreases across the quantiles. 
The estimated coefficient at the 0.10 quantile indicates that an increase of one point in 
𝑇𝑇𝑇𝑇𝑡𝑡−1, i.e. from 0.81 to 0.91, increases revenue growth by 1.2 %. At the 0.90 quantile, 
the marginal effect in revenue growth is 0.4 %. The estimated coefficient at the 0.50 
quantile approximates the OLS coefficient.  
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Table 4-3 OLS, WG and quantile regression results of revenue growth. 





τ = 0.10 τ = 0.25 τ = 0.50 τ = 0.75 τ = 0.90 
TEt-1 
0.0059*** 0.0133*** 0.0120*** 0.0077*** 0.0053*** 0.0040*** 0.0036*** 
(0.0007) (0.0016) (0.0014) (0.0010) (0.0007) (0.0007) (0.0008) 
MTR t-1 
0.0005 0.0008 0.0019*** 0.0006 0.0007** 0.0002 - 0.0003 
(0.0003) (0.0007) (0.0005) (0.0003) (0.0003) (0.0004) (0.0006) 
Exp t-1 
0.0171 0.0290 - 0.0519 0.0078 0.0072 0.0275 0.0623* 
(0.0185) (0.0372) (0.0368) (0.0207) (0.0166) (0.0253) (0.0355) 
Trend 
0.0030 0.0053** - 0.0039 0.0053** 0.0048*** 0.0083*** 0.0022 
(0.0024) (0.0024) (0.0044) (0.0028) (0.0019) (0.0019) (0.0039) 
D Fruit & 
vegetables 
0.0357  0.0338 0.0189 0.0282 0.0334 0.0575 
(0.0224)  (0.0480) (0.0242) (0.0177) (0.0242) (0.0433) 
D Dairy 
0.0765***  0.0857*** 0.0671*** 0.0485** 0.0740*** 0.0677** 
(0.0207)  (0.029) (0.017) (0.020) (0.028) (0.034) 
D Milling 
0.0413**  - 0.0075 - 0.0035 0.0272 0.0780*** 0.1419*** 
(0.0178)  (0.0298) (0.0176) (0.0200) (0.0197) (0.0325) 
D Bakery 
- 0.0203  - 0.0122 - 0.0088 - 0.0190 - 0.0280* - 0.0263 
(0.0133)  (0.0195) (0.0123) (0.0156) (0.0145) (0.0245) 
Intercept 
- 0.5689 - 1.2802** - 1.3989*** - 0.8460*** - 0.5383*** - 0.3075*** - 0.1108 




0.0751 0.1263 0.1059 0.1574 0.1270 0.1272 0.1414 
Note: Standard errors in parentheses; significance levels: ∗∗∗/∗∗/∗ denote 0.01, 0.05, and 0.1 
Results of the PFEQR estimation were generated using rqpd R code from Bache and Koenker (2011). 
†: the pseudo R was calculated as in Koenker and Machado (1999) for quantile regression. 
Source: Author’s own calculations 
 We investigate whether the coefficients estimated by the PFEQR approach are 
statistically different than the OLS and WG coefficients. For this, we calculate if the 
confidence intervals of the OLS and WG estimates contain the PFEQR coefficients. We 
find that only the coefficient at the 0.50 quantile is not statistically different from the 
OLS estimate (left-hand panel of Figure 4-3). Furthermore, the right-hand panel of 
Figure 4-3 shows that the WG coefficient differs considerably with the PFEQR 
estimates, even at the median regression. With the exception of the 0.10 quantile, the 
PFEQR coefficients are all significantly different from the WG estimate. This result 
corroborates the fact that the relationship between technical efficiency and growth is 
non-linear and that firms facing negative revenue growth benefit more from any 
improvements in technical efficiency.  
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Figure 4-3 Estimated effect of technical efficiency on revenue growth. 
Note: The x-axis represents the quantiles of the dependent variable. The quantile coefficients are depicted 
with the black solid line and the gray area represents the 95 % confidence interval for the quantile 
estimates. The red line stands for the OLS coefficients (left) and Within Groups (right), and the dashed 
lines for their 95 % confidence interval. 
Source: Author’s own calculations 
Additionally, we test for equality of the 𝑇𝑇𝑇𝑇𝑡𝑡−1 coefficients across quantiles using 
pairwise T-Tests (Table 4-4). We find that all coefficients are significantly different 
from each other, except for the 0.75 and 0.90 quantile coefficients. This implies that 
there is no difference on the effect of 𝑇𝑇𝑇𝑇𝑡𝑡−1 at the 0.75 and 0.90 quantile of the 
dependent variable; thus, the effect from technical efficiency reaches a lower plateau at 
the 0.75 quantile and is stable and positive afterwards. This evidence confirms that this 
relationship is not well explained in an average sense, as the one provided by the OLS 
estimates. Above all, the results are consistent with the theoretical approaches which 
predict that production efficiency is a driver for economic growth at the firm level. 
Furthermore, the results highlight the importance of performance for firms below the 
industry average, i.e., firms facing low and even negative growth rates. 
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Table 4-4 Pairwise T-tests of equivalence of the technical efficient coefficient at the 
different quantiles. 
𝜷𝜷𝑻𝑻𝑻𝑻(𝝉𝝉) τ = 0.25 τ = 0.50 τ =0.75 τ = 0.90 
τ = 0.10 10.845 *** 19.981 *** 26.911 *** 24.653 *** 
 
0.001 0.000 0.000 0.000 
τ = 0.25  7.570 *** 11.091** 9.247 ** 
 
 0.006 0.029 0.002 
τ =0.50   3.828* 3.038 * 
 
  0.051 0.081 
τ = 0.75    0.284 
 
   0.594 
H0:  𝛽𝛽𝑇𝑇𝑇𝑇(𝜏𝜏𝑖𝑖) = 𝛽𝛽𝑇𝑇𝑇𝑇(𝜏𝜏𝑗𝑗) 
p-value in italics. Critical values 𝜒𝜒12 at the 5 % level of significance = 3.84, at 10 % = 2.71 
Source: Author’s own calculation 
Therefore, firms which allocate resources efficiently are able to increase revenue at 
higher rates than their counterparts. Contrary to Heshmati (2001), Bottazzi et al. (2010), 
and Gardebroek et al. (2010), who find a weak relationship between firm’s performance 
(measured as productivity) and growth, we demonstrate that technical efficiency has a 
significant and strong effect on revenue growth. The result at the 0.10 quantile confirms 
the hypothesis that technical efficiency spurs firm revenue in subsequent time periods, 
particularly when firms face severe low growth rates.  
The OLS and WG estimations find no significant effect of 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1. Nevertheless, the 
PFEQR results reveal that 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1 is statistically significant at the 0.10 and 0.50 
quantiles of revenue growth. As for the previous variable, the magnitude of the PFEQR 
coefficient is larger at the lower quantiles of the dependent variable. The results in 
Table 4-3 show that at the 0.10 quantile, an increase in 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1 of 0.10 raises revenue 
growth by 0.2 %. At the median, the marginal effect of 𝑀𝑀𝑇𝑇𝑀𝑀𝑡𝑡−1 decreases to 0.07 %. 
We also find that the PFEQR coefficient at the 0.10 quantile is statistically different 
than the OLS estimate (left-hand panel Figure 4-4). The 95 % confidence intervals of 
the WG estimate contain all quantile coefficients, suggesting that there is no significant 
difference. Nevertheless, the PFEQR estimates exhibit a narrower confidence interval, 
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Figure 4-4 Estimated effect of MTR on revenue growth. 
 
Note: The x-axis represents the quantiles of the dependent variable. The quantile coefficients are depicted 
with the black solid line and the gray area represents the 95 % confidence interval for the quantile 
estimates. The red line stands for the OLS coefficients (left) and Within Groups (right), and the dashed 
lines for their 95 % confidence interval. 
Source: Author’s own calculations 
A T-test indicates that the estimated effect at the 0.10 quantile is statistically different 
than the one at the median, χ2 (1) = 4.80, p-value < 0.05. This result demonstrates that 
firms with low revenue growth benefit to a greater extent from the shortening of the 
technology gap with respect to the whole industry. Improving technological conditions 
with respect to other firms in the industry make firms more competitive in the market; 
they can lower product prices and increase market share, increasing revenue at the same 
time.  
The OLS results suggest that the dummy variable for exporting does not have a 
significant effect on revenue growth. However, the PFEQR estimates point out that 
exporting has a positive and significant effect at the tail of the distribution. The PFEQR 
coefficient at the 0.90 quantile lies outside the 95 % confidence interval of the OLS 
estimate, CI [-1.5; 5.0]. Consequently, the two coefficients are statistically different 
from one another. The results in Table 4-3 indicate that those exporting firms at the 0.90 
quantile exhibit 6 % higher growth rates in revenue than their counterparts. This might 
occur because output sold in foreign markets achieves larger volumes, and exporting 
firms can make a better utilization of the potential of the existing technology and exploit 
increasing returns to scale.  
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4.5 Conclusions 
The empirical analysis presented above provides a number of insights into the 
relationship between firm dynamics and firm performance. First, contrary to the 
previous literature, we confirm that there is a strong empirical relationship between firm 
performance and firm growth. Second, this relationship is not homogenous. We prove 
that the effect is positive and stronger for firms facing low or negative growth rates. The 
effect of technical efficiency on revenue growth varies from 1.2 to 0.4 % for a one point 
increase in technical efficiency. These results conform to economic theory because any 
improvement in managerial efficiency will benefit more firms facing negative revenue 
growth.  
Furthermore, the effect of technology gaps, although smaller in magnitude, is 
statistically significant at the 0.10 quantile and the median of the conditional 
distribution of revenue growth. We find that an increase in the meta-technology ratio by 
one point contributes to a rise in revenue growth by 0.2 to 0.06 %. Considering that the 
meta-technology ratio average in the sample is 75, there is considerable scope for 
technological improvements, which will then benefit those firms facing negative growth 
rates. 
The results reveal that technical efficiency and technology gaps better explain the 
changes in revenue for the lower quantiles. Therefore, managerial ability and 
technology choice are determinants for improvements in negative growth rates. 
Meanwhile, large positive growth rates of revenue (higher quantiles) are better 
explained by market-oriented variables, such as trading to foreign markets. Thus, large 
increases in revenue are likely to be more affected by market changes than by 
technological and production choices. 
We acknowledge the limitations of this study. We do not provide a detailed 
decomposition by sector, because the number of observations at the lower and upper 
quantiles in most sectors is not sufficiently large to produce precise estimates. Dividing 
the analysis by sector produces large standard errors and imprecise estimates. 
Nevertheless, the results separated by sectors correspond with the results of the whole 
industry (see Table A 4 to Table A 8 in the Appendix). Another main constraint is the 
limited number of explanatory variables used in the regression. This increases the risk 
of omitted variable bias. This problem originates from the limited number of additional 
explanatory variables available in the data set. The low R2 of the OLS regression could 
be an indication of this problem; nevertheless the pseudo R2 value for the quantile 
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estimates shows a slight improvement on the fit of the model compared with OLS. 
Finally, other - more influential - determinants of revenue change, such as input prices, 
are external factors to this analysis. Thus, future work should consider the effect of 
allocative efficiency on revenue growth.  
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Appendix 
Table A 4 PFEQR estimates for the meat sector. 
 PFEQR 
τ = 0.10 τ = 0.25 τ = 0.50 τ = 0.75 τ = 0.90 
TEt-1 
0.0086*** 0.0077*** 0.0073*** 0.0056* 0.0022 
(0.0034) (0.0018) (0.0026) (0.0033) (0.0040) 
MTR t-1 
0.0019 0.0009 0.0000 - 0.0001 0.0001 
(0.0013) (0.0012) (0.0011) (0.0011) (0.0018) 
Exp t-1 
- 0.0061 0.0296 0.0274 0.0194 0.0388 
(0.0573) (0.0355) (0.0344) (0.0501) (0.0634) 
Trend 
- 0.0037 0.0105 0.0020 - 0.0041 - 0.0136 
(0.0127) (0.0087) (0.0091) (0.0108) (0.099) 
Intercept 
- 1.0769*** - 0.9014*** - 0.6704** - 0.3891 0.0566 
(0.3624) (0.1946) (0.2622) (0.3435) (0.3925) 
Note: Standard errors in parentheses; significance levels: ∗∗∗/∗∗/∗ denote 0.01, 0.05, and 0.1 
Results of the PFEQR estimation were generated using rqpd R code (Bache and Koenker, 2011) 
Source: Author’s own calculations 
 
Table A 5 PFEQR estimates for the fruit & vegetables sector. 
 PFEQR 
τ = 0.10 τ = 0.25 τ = 0.50 τ = 0.75 τ = 0.90 
TEt-1 
0.1208** 0.0048 0.0030** 0.0008 0.0037 
(0.0061) (0.0039) (0.0014) (0.0020) (0.0033) 
MTR t-1 
- 0.0001 0.0015 0.0011 0.0010 0.0021 
(0.0018) (0.0015) (0.0008) (0.0016) (0.0022) 
Exp t-1 
- 0.1221 - 0.0621 - 0.0180 0.0321 0.0988 
(0.0844) (0.0463) (0.0230) (0.0598) (0.0934) 
Trend 
- 0.0099 - 0.0124 - 0.0033 - 0.0033 - 0.0020 
(0.0204) (0.0151) (0.0077) (0.0131) (0.0241) 
Intercept 
- 1.1381* - 0.5085 - 0.2866** - 0.0011 - 0.2512 
(0.5980) (0.3189) (0.1142) (0.1933) (0.3434) 
Note: Standard errors in parentheses; significance levels: ∗∗∗/∗∗/∗ denote 0.01, 0.05, and 0.1  
Results of the PFEQR estimation were generated using rqpd R code (Bache and Koenker, 2011) 







Testing the effect of firm performance on growth for the Chilean agribusiness 
Table A 6 PFEQR estimates for the dairy sector. 
 PFEQR 
τ = 0.10 τ = 0.25 τ = 0.50 τ = 0.75 τ = 0.90 
TEt-1 
0.0047 0.0044* 0.0022 0.0027** 0.0027 
(0.0029) (0.0023) (0.0018) (0.0013) (0.0033) 
MTR t-1 
0.0017 0.0012 0.0016 0.00010 0.0009 
(0.0014) (0.0010) (0.0012) (0.0014) (0.0018) 
Exp t-1 
0.0607 0.0281 -0.0074 0.1274* 0.0855 
(0.0579) (0.0459) (0.0712) (0.0673) (0.1029) 
Trend 
0.0197 0.0129 0.0164* 0.0152 0.0067 
(0.0200) (0.0087) (0.0083) (0.0120) (0.0205) 
Intercept 
- 0.7284** - 0.5656** - 0.3274* - 0.2332 - 0.0553 
(0.3301) (0.2347) (0.1925) (0.1659) (0.3821) 
Note: Standard errors in parentheses; significance levels: ∗∗∗/∗∗/∗ denote 0.01, 0.05, and 0.1 
Results of the PFEQR estimation were generated using rqpd R code (Bache and Koenker, 2011) 
Source: Author’s own calculations 
 
Table A 7 PFEQR estimates for the grain sector. 
 PFEQR 
τ = 0.10 τ = 0.25 τ = 0.50 τ = 0.75 τ = 0.90 
TEt-1 
0.0098 0.0097 0.0057 0.0040 0.0003 
(0.0015) (0.0015) (0.0021) (0.0014) (0.0024) 
MTR t-1 
- 0.0005 - 0.0004 0.0008 - 0.0002 - 0.0044 
(0.0018) (0.0013) (0.0013) (0.0010) (0.0018) 
Exp t-1 
0.0287 0.0424 0.0149 - 0.0689  - 0.0216 
(0.0784) (0.0523) (0.0536) (0.0432) (0.0845) 
Trend 
-0.0337 - 0.0069 0.0210 0.0289 0.0253 
(0.0141) (0.0104) (0.0111) (0.0074) (0.0084) 
Intercept 
- 0.8741*** - 0.9059 - 0.6278 - 0.2746 0.5320 
(0.1839) (0.1504) (0.1586) (0.1552) (0.2451) 
Note: Standard errors in parentheses; significance levels: ∗∗∗/∗∗/∗ denote 0.01, 0.05, and 0.1 
Results of the PFEQR estimation were generated using rqpd R code (Bache and Koenker, 2011) 





Testing the effect of firm performance on growth for the Chilean agribusiness 
Table A 8 PFEQR estimates for the bakery sector. 
 PFEQR 
τ = 0.10 τ = 0.25 τ = 0.50 τ = 0.75 τ = 0.90 
TEt-1 
0.153*** 0.0114*** 0.0078*** 0.0068*** 0.0063** 
(0.0021) (0.0020) (0.0013) (0.0013) (0.0022) 
MTR t-1 
0.0029*** 0.0011** 0.0007* 0.0002 - 0.0002 
(0.0009) (0.0005) (0.0004) (0.0005) (0.0010) 
Exp t-1 
- 0.0371 - 0.0026 - 0.0393 - 0.0479 0.0843 
(0.0636) (0.0332) (0.0462) (0.0576) (0.1208) 
Trend 
- 0.0039 0.0049 0.0051** 0.0053*** - 0.0002 
(0.0048) (0.0035) (0.0020) (0.0020) (0.0045) 
Intercept 
- 1.7981*** - 1.2394*** - 0.7897*** - 0.5873*** -0.3907 
(0.2269) (0.2069) (0.1368) (0.1421) (0.2381) 
Note: Standard errors in parentheses; significance levels: ∗∗∗/∗∗/∗ denote 0.01, 0.05, and 0.1 
Results of the PFEQR estimation were generated using rqpd R code (Bache and Koenker, 2011) 












5.  Concluding remarks  
This thesis presents three selected studies on the topic of performance and dynamics of 
agricultural firms. Chapter 2 analyzes the factors driving the dynamics of agricultural 
firms operating in the sector of organic agriculture. Chapter 3 determines firm 
performance of agricultural firms accounting for within-industry heterogeneity. Finally, 
Chapter 4 connects the previous chapters and analyzes the effect of performance on a 
firm's dynamics. In this section, each of the three preceding chapters is discussed 
individually, summarizing the main results and their implications, discussing the 
challenges of the estimations, and presenting research topics for future work. 
5.1 What influences the growth of organic farms in Southern Germany? 
Chapter 2 analyzes the dynamics of agricultural firms engaged in organic agricultural 
production in Bavaria and Baden-Württemberg. The results are based on the System 
Generalized Method of Moments estimator (SGMM) proposed by Arellano and Bover 
(1995) and further developed by Blundell and Bond (1998).  This approach does not 
only control for unobserved heterogeneity in the context of panel data, but also for 
potential endogeneity and persistence of the series when using the lagged dependent 
variable as regressor. Therefore, it has the advantage of producing consistent estimates 
by allowing dynamics in the model and testing the effect of initial firm size on firm 
growth. This chapter refines the SGMM estimation with a probability transition matrix, 
which provides the absolute changes in agricultural land by predefined farm size 
categories. 
Chapter 2 has shown that when farm size is measured in terms of output, farms with 
lower output have higher growth rates than their peers in the sector. This is consistent 
with economic theory which predicts that small firms grow at higher rates than their 
peers because they adjust towards more efficient (larger) farm sizes. We do not find the 
same tendency when farm size is measured in terms of agricultural land. The results of 
the SGMM estimation do not find empirical evidence that smaller farms are growing at 
larger rates than their peers and the coefficient does not have the expected sign. We 
complemented this analysis with a transition probability matrix which analyzes the 
absolute changes in area by farm size categories. The results from the transition 
probability matrix revealed that, firstly, increases in the area farmed organically are less 
than 10 ha for all farms. Second, larger farm sizes tend to increase acreage more 
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frequently than smaller sizes. These two results indicate that small farms are not 
adjusting their scale of operation as predicted by economic theory. Chavas (2001) and 
Huettel and Margarian (2009) explain that farm size persistence is often found in the 
literature and it is caused by a reluctance to leave the sector and decline or expand the 
scale of operation, sunk costs, uncertain future revenues, and the presence of imperfect 
input markets. 
In organic farming, reluctance to exit or grow can arise as a result of “hobby farming”, 
where farming is seen as a leisure activity from holders with a secured monthly income 
and special interest in organic agriculture. Certainly for these farms, the economic 
premises of maximizing profits or minimizing costs are at the background and they are 
less likely to be affected by market pressures to move towards more efficient sizes or 
exiting the sector. Thus, it is tempting to speculate that the reluctance to grow from 
small farms in the data set comes from this type of farming. However, this is not the 
case for work presented in Chapter 2: small farms (< 10 ha) are managed in 81 % of the 
cases by full-time farmers. The former supports the assumption that farms in the data set 
correspond to commercial organic farms and that the persistence of farms in a small size 
category is caused by reasons other than “hobby farming”.  
In organic farming, sunk costs arise from the conversion costs from learning the 
technology, restoring and converting the soil into organic, and any other investment to 
improve buildings and equipment to comply with the standards for organic farming. In 
case of exiting the organic sector and reverting to conventional agriculture, the 
conversion costs are reduced by selling redundant machinery and equipment (Mußhoff 
and Hirschauer, 2008). Therefore, sunk costs do not appear to be the main reason for 
persistence of size in organic farming. 
Uncertain future revenue can play an important role in inhibiting dynamics, particularly 
for small organic farms that mainly depend on agricultural revenue. Purchasing (or 
renting) additional land to restore and convert it into organic is a long-term investment 
decision, whereas there are factors beyond farmers’ control which can create 
uncertainty. The first one is policy support through area based payments for the 
introduction and maintenance of organic farming. The amount and the subsidies 
themselves are subject to political objectives and economic decisions taken at different 
levels, i.e. European, Federal and State levels. This support can be changed in the mid-
term as it occurred in 2007, when the funding period 2007−2013 came into force and 
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the financial resources from the EU were reduced (Nieberg et al., 2011). The reduction 
of the EU funding resulted in a decrease in the Federation States’ relative share of the 
payments. As a consequence, the amount paid for conversion and maintenance of 
organic farms was reduced from 2007 to 2008 in most Federal States in Germany. 
Several studies show that these subsidies are crucial for conversion to organic farming 
(Oude Lansik and Jensma, 2003; Kumbhakar et al. 2009; Offermann and Nieberg, 2001; 
Offermann et al., 2009). Moreover, Chapter 2 of this thesis has shown that subsidies for 
organic farming also contribute to acreage expansion. Therefore, such an event as in 
2007 gives rise to uncertainty for organic farmers with respect to whether the subsidies 
will remain stable, decrease, or cease to exist. This uncertainty can discourage some 
farms to invest in new areas, especially during times of political change. Another source 
for uncertainty in future revenues is the market; specifically, the issues regarding 
whether the demand for organic products will keep growing, stagnate or decrease, and 
whether the prices will remain higher than for conventional products. The potential 
changes of these two factors are crucial when a small farm considers whether to keep its 
current farm size or expand its scale of operation.  
Imperfect capital markets can be a determinant of this status quo in small organic farms 
if they face a higher capital cost than the largest farms. This is suggested by the finding 
in Chapter 2 that larger organic farms appear to cope better with the investment costs 
for additional land. Additionally, the findings also revealed that holdings operated by 
part-time farmers report 2.8 % higher growth rates (in terms of land) than full-time 
farmers. It appears that off-farm employment work is a stabilizer of the household 
income when agricultural income is irregular during the first years of conversion. and it 
also creates the financial basis for further investments, either by self-financing or as 
startup capital for acquiring credit.  
Area-based payments for conversion and maintenance of organic farms can also 
contribute to create persistence for small farms, where small farms may not leave the 
organic sector because they receive the financial support and the price premium, but 
either increase size due to the effect of the uncertainty or the capital-market 
imperfections. Determining whether this happens is beyond the scope of this work and 




Two important events in the years following this investigation have changed the context 
of organic farming in Germany. First, the policy support offered for conversion and 
maintenance of organic farming underwent modifications. As mentioned above, most 
Federal States reduced the payments for conversion and maintenance of organic farming 
in 2007. Bavaria reduced the payment for arable farms by 25 % and Baden 
Württemberg by 12 % (Nieberg et al., 2011). The reduction in these two Federal States 
was not as severe as it was, for instance, in Lower Saxony where the payments for 
organic arable farms decreased by 51 %. Thus, this reduction presumably did not have 
as drastic an effect in the southern region as it did in other regions of Germany. Besides 
this, in 2009 the payments in Bavaria and Baden Württemberg returned to the levels 
seen prior to 2007. A second important event is the launch of the German Renewable 
Energy Act (Erneuerbare-Energien-Gesetz), which was introduced in 2000. This has 
created more competition for the agricultural land market, especially with the 
subsequent amendment in 2004. The aim of this law is to encourage energy supply from 
renewable sources including, among others, biomass i.e. energy crops, crop residues, 
and manure (BMWI, 2014). Habermann and Breustedt (2011) report that agricultural 
biogas production increased rental rates in Western Germany for new negotiated 
contracts in 2006 and 2007. The effects of this law are unfavorable for conventional and 
organic farms which seek to expand their agricultural area but do not take part in the 
biogas business. Kuhnert et al. (2013) state that organic farms participate less in this 
business than conventional farms do, indicating that they may be more affected by this 
policy than conventional farms. Therefore, it remains a topic for future empirical 
research to analyze the extent to which the dynamic of organic farms is affected by this 
law. 
Finally, it should be borne in mind that the data set is not representative of organic 
farming in Germany. These results are situation specific and shall not be extrapolated to 
other regions or countries with different conditions. There are large differences across 
the regions in Germany with respect to farm structure, regional land market, policy 
support as well as in the demand for organic products. The results of a similar study in 
other regions of Germany might differ compared to those presented in Chapter 2, 
depending on the context.  
The use of two dependent variables, land and output, appears ambiguous at first glance. 
However, we believe that they complement each other. The majority of the studies that 
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analyze farm size and growth in agriculture coincide with finding a negative 
relationship between farm size and growth and often this relationship is non-linear. This 
holds across different indicators of farm size: acres and sales in Canada (Shapiro, 1987), 
livestock units in Austria (Weiss, 1999), hectares (Rizov and Mathijs, 2003) and sales 
(Bakucs and Fertö, 2009) in Hungary, and sales and number of employees in various 
European countries (Gardebroek et al., 2010). Therefore, we assumed that the effect of 
the lag dependent variable (regardless of the measure) shall be similar in the two 
equations, or at least have the same sign. Thus, using the two regressions allows results 
to be compared and the sources of differences to be analyzed. The estimation using land 
as an indicator for farm size reveals the spatial sense of growth. The output oriented 
estimation provides information about the factors contributing to increased output, 
which is a fundamental matter when there is a limited availability of land for purchase 
or lease. 
An important issue in the empirical analysis of firm growth is whether attrition bias is 
present in the data. The causes and consequences of attrition remain a very important 
issue to consider, since it causes biased estimates. Selection bias due to attrition arises if 
a specific group is more likely to remain or to drop out of the data set. Previous studies 
on farm size indicate that small farms are more likely to cease operations than large 
operations (Kimhi and Bollman, 1999; Weiss, 1999; Rivoz and Mathijs, 2003; Glauben, 
2006). Consequently, small farms performing well select themselves and, over time, can 
be overrepresented in the data set. Therefore, estimating growth rates on incumbents 
(surviving farms) produces bias estimates. The approach to address this problem is to 
model the survival probability from one period to the next, using the Heckman sample 
selection procedure and then adding the inverse Mills ratio on the firm growth 
regression. This correction is not statistically significant in all cases; for instance, the 
seminal work by Weiss (1999) finds significant effects when analyzing only the part-
time farms from the sample. Therefore, the remaining questions are whether sample 
selection bias exists in the data set of organic farms and, if so, how severe the bias is 
and which direction it takes. In general, the data set does not provide evidence of 
selection bias. First, besides having dropouts, the data set also includes yearly 
newcomers, thus, both good and bad performers have the potential to enter the data set 
every year. Second, as described in Chapter 2, none of the tests proposed by Verbeek 
and Nijman (1992) were statistically significant. Therefore, sample attrition appears to 
be correlated to other factors rather than the farm growth rates. Attrition appears to 
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depend on external circumstances such as changing the bookkeeping company. Finally, 
the direction of the bias (if any) would be upwards, resulting in unfavorable estimates 
for small organic farms. 
The two-step SGMM estimation provides consistent and unbiased estimates under three 
settings: unobserved heterogeneity, endogeneous variables, and when the coefficient of 
the lagged dependent variable in equation (2.1) approaches one, i.e. the series is 
persistent. The last setting is not discussed in many studies that use dynamic models and 
the SGMM estimator is applied without concern. If the lagged dependent variable is not 
persistent, the use of the SGMM is not justified and the First-Differenced GMM 
(DIFGMM) provides efficient and unbiased estimates. If the coefficient of the lagged 
dependent variable approaches one, simulation results have shown that the DIFGMM 
estimator is subject to downward bias, especially when the number of time periods is 
short (Bond et al., 2001). A DIFGMM estimator close to or below the Within Groups 
estimate may denote serious finite sample bias associated with weak instruments (ibid.). 
In this context, the results of the DIFGMM on the data of organic farms show that both 
lagged dependent variables, land and revenue, are below the Within Groups estimation, 
confirming persistence in the series, (see Table 5-1). Thus, the SGMM is required to 
obtain unbiased estimates; moreover the standard errors of SGMM also decreased in 
comparison with the DIFGMM, which improves the estimation efficiency.  
Table 5-1 Comparison of coefficients for the lagged dependent variables of land 
and revenue. 
 Within Groups DIFGMM SGMM 




- 0.42 *** 
(0.05) 
Landit-1 - 0.49 *** 
(0.03) 




One problem inherent to the SGMM estimation is the proliferation of instruments. This 
could occur in particular when one uses all available lags to instrument the endogenous 
variables. Proliferation of instruments can cause over-fitting and weakens the Hansen 
Test (Roodman, 2009), which leads to erroneously failing to reject the null hypothesis 
that the instruments are exogenous. This is particularly important because it can lead to 
invalid conclusions being drawn. For the estimations of Chapter 2 in which the model 
was estimated using the full set of available lags for the endogenous variables, the 
Hansen Tests show p-values = 1.00 for the revenue growth estimation and p-value = 
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0.83 for land growth. Therefore, we restricted the instruments to the third lag of the 
dependent variables. This provided both more plausible results for the Hansen test (see 
Chapter 2, Section 2.5) and lower standard errors. We can therefore deduce that the risk 
of suffering from proliferation of instruments, if any, is low.   
We also considered the effects of other potential variables to determine farm growth. 
We tested for the effect of farm size squared, the Federal States (Bayern and Baden-
Württemberg), and farmer's education (with or without agricultural education). 
However, none of these sets of variables were statistically significant and for the sake of 
parsimony were not included in the final estimations. 
Finally, the SGMM estimation provides an appropriate framework to analyze the 
determinants of changing farm size, but certainly cannot capture all aspects of this 
process. For instance, from the SGMM estimation it was not possible to derive the 
absolute change in hectares, a crucial matter when analyzing farm growth in terms of 
land. For this reason we found that the transition probability matrix was an appropriate 
complement to the SGMM estimation. Moreover, the SGMM estimation ignores those 
farms which do not change their size, because the dependent variable is zero. This 
information is crucial to determine why farms persist in a specific farm size category. 
Furthermore, farm growth and size persistence can be driven by different factors. 
Therefore, future research should consider these issues for further analysis. Lastly, the 
simultaneous analysis of both organic and conventional farms is another subject for 
further research; this is the only way that we can compare the patterns of growth 
between conventional and organic farms. Furthermore, by extending the research topic 
addressed in Chapter 2 to other regions in Germany under different conditions of the 
land market, farm structure, and policy support, we can shed some light on regional 
differences in the development of organic farming. Additionally, further research is also 
needed to understand the impact of uncertainty on investment decisions in the context of 
organic farming. In this line, some work has already been done using aggregated 
national data from Germany (see Mußhoff and Hirschauer, 2008). However, the effect 




5.2 Technical efficiency in Chilean agribusiness – a Stochastic Metafrontier 
Approach 
Chapter 3 analyzes the performance of agricultural firms operating in the Chilean 
agribusiness industry. Previous studies about Chile analyze the agribusiness as a whole, 
without any consideration of the differences within the industry. Chapter 3 addresses 
this problem by accounting for differences in the technology sets in the estimation of 
technical efficiency. For doing this, we require the assumption that the sectors share a 
hypothetical common frontier, which can be questionable but is also unavoidable if we 
are to compare the differences in performance. Overall, the results support theoretical 
models, suggesting that the heterogeneity in structure and production characteristics 
define the sectoral performance and the magnitude of effects of exposure to 
international trade. The general results of the industry reveal that the sectors are 
relatively efficient with respect to the technologies they currently use. However, in 
general, if they were to further improve their technologies, significant efficiency gains 
could be made. This is a crucial issue for Chile if it seeks to achieve its goal to position 
itself as a food power on the global market. 
Chapter 3 finds strong evidence that the sectors exposed to international trade achieve 
higher rates of technological progress than those trading mostly domestically. 
Moreover, exposure to international trade contributes to a better utilization of current 
technologies if firms operate under strong competition. In this sense, the open-economy 
policy followed by Chile and the strong efforts for signing free trade agreements with 
other countries and regions has created the possibility to expand into new markets and 
develop new products. Furthermore, this policy has also allowed new economic sectors, 
such as meat processing, to develop, contributing to the technological improvements 
shown in the present work. 
The results presented in Chapter 3 provide evidence of an imperfect market structure 
within the dairy products processing sector in Chile. The results reveal that poor 
competition prevents the transfer of the benefits of international trade to non-exporting 
firms and the efficient allocation of resources within the largest firms.  The existence of 
imperfect market structures is harmful not only for primary milk producers, but also for 
consumers: it can create welfare losses for both. In fact, milk farmers have lodged 
complaints with the Court for the Protection of Free Competition in 1997, 2001, and 
2015 against the three largest milk processors in Chile for agreeing on market-shares, 
fixing prices, and price discrimination (OECD, 2006; TDLC, 2015). The Court did not 
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find evidence of agreement in the first two cases but the last case is still ongoing. 
Furthermore, Chile has concentrated efforts to enhance the productivity of the dairy 
primary production business by promoting investments in new technologies and 
implementing programs for genetic improvements (ODEPA, 2011). However, the gains 
of these governmental efforts will not be transmitted entirely to the society if the next 
component of the value chain does not operate efficiently. This is relevant for policy 
makers because it can serve as an indication to improve the mechanisms for detecting 
and controlling this type of inefficient market structure. Improving these mechanisms 
can contribute to efficiency gains in the processing sector and lead to a more effective 
transmission of the efforts made by the government to improve the dairy primary 
production business. 
The results presented in Chapter 3 show that large firms in the fruit & vegetables sector 
exhibit lower MTR scores than their peers. This indicates that the course of action to 
enhance the performance of the sector shall be directed towards supporting the largest 
firms to improve their current technologies, primarily because they make the most of 
the sectoral output. This is crucial for the Chilean fruit & vegetables sector because new 
competitors in the region are emerging and also moving towards more open economies. 
One example is Peru, which is experiencing a dynamic growth in agricultural exports 
and gaining ground in the United States in canned vegetables and table grapes, the main 
market for Chilean products (ODEPA, 2013). Although primary production in Peru is 
not as technologically advanced as is in Chile, labor is cheaper and the climatic 
conditions of the country allow the products to be harvested and positioned in the 
market before Chile (ibid.). This poses a risk for the fruit & vegetables sector in the 
long term. 
There are some challenges regarding the estimation procedure of the MF analysis. The 
first one is to find a single model which adequately fits to all sectors. In doing so, there 
are some singularities for each sector which cannot be considered in the MF approach 
because not all sectors share the same components. In this context, one important issue 
when analyzing Chile is its geographical characteristic of being a narrow and long 
country. There is much discussion on the uneven economic development of the country 
and the concentration of most business in the metropolitan region; it is often claimed 
that others regions are ignored. Therefore, one can assume that the location of a firm has 
an effect on its performance. However, the differences in the characteristics of the 
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sectors make it problematic to incorporate the geographical location into the MF 
estimation. For example, more than 50 % of meat firms are located between the 8th and 
10th regions, corresponding to the area where cattle production is concentrated. 
Meanwhile, 58 % of the milling firms are concentrated between the 7th and 10th regions, 
and 53 % of the bakeries are located in the metropolitan region (Santiago). 
Consequently, not all sectors had enough observations in all regions.  
Furthermore, we tested clustering the regions in the north, center and south. A 
supplementary approach was classifying observations in metropolitan and non-
metropolitan regions. However, these variations were not significant and point out that 
for processing of agricultural products, the location at regional level is not as relevant as 
it may be for primary agricultural production. An analysis based on more precise scales 
such as county level may be of interest for further research. 
The estimation in Chapter 3 relies on the assumption that the output within the sectors is 
homogenous. Indeed, within each sector there is a certain heterogeneity (sub-
specializations) which the data set does not capture, for example, the meat sector 
consists of poultry and beef slaughterhouses and meat processing firms, while bakeries 
include processing and bread, pasta, or snack product production. This problem is less 
important for the milling sector where the technology and products are rather 
homogenous. This heterogeneity will probably be reflected in the dispersion of the TEG 
scores due to the differences in technology. Nevertheless, the standard deviation of 
technical efficiency is relatively low for bakery, meat, and milling. The largest 
dispersion is found in the dairy processors. However, this fact is related to the inherent 
structure of this sector. Although we cannot rule out the presence of a certain degree of 
heterogeneity in data, we consider that most of the variation in the efficiency scores 
derives from managerial inefficiency and measurement errors (which we accounted for). 
More research should be done with respect to explaining the potential determinants of 
the meta-technology ratios for each sector rather than only measuring MTR. This will 
shed light on the sources of the differences in the technology gaps. Further research 
should also be done regarding the total factor productivity growth decomposition for 
Chilean agribusiness. This way we could obtain a nuanced analysis of the sources of 
productivity growth: technical change, technical efficiency change, and returns to scale. 
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5.3 Testing the effect of firm performance on growth for the Chilean 
agribusiness. 
Chapter 4 has shown the empirical relationship of firm performance and growth.  The 
contribution of this chapter is the validation of the positive effect that firm performance 
(measured as technical efficiency) has on firm growth. Moreover, Chapter 4 has shown 
that the effect of firm performance is higher on slow-growing firms. These results are 
relevant to researchers because they demonstrate the importance of accounting for an 
appropriate indicator of firm performance such as technical efficiency, which captures 
the entirety of production process. Furthermore, the non-linearity of the relationship 
between performance and growth should be considered in future studies. Secondly, the 
findings are also relevant to managers because they stress the positive effect of firm 
performance to stimulating revenue growth. 
The results presented in Chapter 4 also indicate that exporting status contributes to 
explaining large positive growth rates. Chapter 4 provides empirical evidence that 
trading to international markets offers the possibility to firms of experiencing large 
increases in revenue and coincides with extensive literature which also finds positive 
effects of free trade in individual firms. Thus, these results corroborate the dynamic 
effects of trade liberalization policies at the firm level.  
Improvements to the estimation in Chapter 4 can be done by centering the data of the 
covariates on the mean. This will provide a more practical interpretation of the 
coefficients of technical efficiency and the meta-technology ratio. Furthermore, the use 
of an alternative measurement for firm performance such as total factor productivity can 
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